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ABSTRACT 
Metabolic Modeling of Gas Fermentation for Renewable Fuel and Chemical Production 
February 2021 
Xiangan Li, Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST 
Directed by: Professor Michael Henson 
Gas fermentation has emerged as a technologically and economically attractive option 
for producing renewable fuels and chemicals from carbon monoxide (CO) rich waste 
streams. As compared to traditional catalyst technologies, microbial systems have several 
advantages including operation near ambient temperature and pressure, high conversion 
efficiencies, robustness to gas impurities and high product yields that have motivated both 
fundamental research and commercial development. A promising route is to take advantage 
of the native capabilities for producing high-value products of wild-type strains and use 
coculture designs by combining gas-fermenting acetogens with bacterial strains that offer 
high yields of desired product. 
In this study, motivated by our industrial collaborator LanzaTech, we first focused on 
combining hydrodynamics with a genome-scale reconstruction of Clostridium 
autoethanogenum metabolism and multiphase convection-dispersion equations to compare 
the performance of bubble column reactors with and without liquid recycle. For both 
reactor configurations, hydrodynamics was predicted to diminish bubble column 
performance when compared to bubble column models in which the gas phase was 
modeled as ideal plug flow plus axial dispersion. Liquid recycle was predicted to be 
advantageous by increasing CO conversion, biomass production, and ethanol and 2,3-
butanediol production compared to the non-recycle reactor configuration. After this, we 
vi 
explored the possibilities of producing an important platform chemical butyrate by using 
wild-type strains in the continuous stirred tank bioreactors and developed two anaerobic 
coculture designs by combining C. autoethanogenum for CO-to-acetate conversion with 
environmental bacterium Clostridium kluyveri and the human gut bacterium Eubacterium 
rectale which offer high acetate-to-butyrate conversion. A bubble column model 
developed to assess the potential for large-scale butyrate production of the C. 
autoethanogenum-E. rectale design predicted that a 40/30/30 CO/H2/N2 gas mixture and 
a 5 meter column length would be preferred to enhance  C. autoethanogenum growth and 
counteract CO inhibitory effects on E. rectale. This research was further developed by 
exploiting the diversity of 4 acetogens and 818 human gut bacteria for anaerobic synthesis 
of butyrate from acetate and ethanol. A total of 170 acetogen/gut bacterium/sugar 
combinations were dynamically simulated for continuous growth using a 70/30 CO/CO2 
feed gas mixture and minimal media computationally determined for each combination.  
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Gas fermentation has emerged as a technologically and economically attractive option 
for producing renewable fuels and chemicals from carbon monoxide (CO) rich waste 
streams. LanzaTech has developed a proprietary strain of the gas fermentating acetogen 
Clostridium autoethanogenum as a microbial platform for synthesizing ethanol, 2,3-
butanediol and other chemicals. Bubble column reactor technology is being developed for 
large-scale production, motivating the investigation of multiphase reactor hydrodynamics. 
Furthermore, the effect of cellular and process parameters on reactor performance are 
complex while mathematical modeling provides a complementary tool to experimentation 
for understanding, predicting, and optimizing syngas fermentation reactors. It is important 
to develop a model with high fidelity that can be used to accurately predict pilot-scale 
reactors’ performance and then a reliable scale-up.  
Previous work has been done in our lab to develop a first generation bubble column 
reactor model [2] which is a spatiotemporal metabolic model by combining a genome-scale 
metabolic reconstruction of the syngas fermentating bacterium Clostridium ljungdahlii 
with multiphase transport equations that govern convective and dispersive processes within 
the spatially varying column. The first generation model assumed that the gas phase was 
an ideal plug flow plus axial dispersion. In this project, I firstly investigated the impact of 
hydrodynamics on bubble column reactor performance as well as a new reactor design for 
the reactor by developing spatiotemporal metabolic models for conversion of carbon 
monoxide to ethanol using the microbial catalyst Clostridium autoethanogenum. Four 
distinct models were developed so the combined effects of hydrodynamics and liquid 
recycle could be delineated. The two models that included hydrodynamics allowed the 
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prediction of the superficial gas velocity, gas holdup, gas bubble diameter and interfacial 
area as a function of time and column location. The other two models were derived under 
the assumption that the gas phase was ideal plug flow plus axial dispersion, which allowed 
the hydrodynamic variables to be treated as constants. The incorporation of hydrodynamics 
was predicted to substantially diminish bubble column performance with respect to CO 
conversion, biomass production and ethanol production. Adding liquid recycle also 
improved reactor performance compared to a conventional configuration without recycle 
by substantially increasing CO conversion, biomass production, and ethanol and 2,3-
butanediol production. As a result, I concluded that the inclusion of hydrodynamics is 
important to generate high fidelity models of these complex multiphase processes, and 
liquid recycling is beneficial for the bubble column reactor.  
As much important as using a high fidelity model to predict optimal operational 
conditions and reactor design for improving gas fermentation performance, another critical 
part is to study alternative biological catalysts which could explicitly improve the 
conversion or secret products with higher values. Therefore, I performed an in silico 
investigation of several coculture systems for conversion of CO-rich waste gases to the 
platform chemical butyrate in anaerobic continuous stirred tank bioreactors (CSTBRs). A 
monoculture system based on in silico engineering of the acetogen Clostridium 
autoethanogenum for butyrate synthesis was used as a basis for comparison. In addition to 
the difficulties in effectively engineering Clostridium strains [3, 4], the monoculture system 
was predicted to yield the lowest butyrate productivity of all designs involving engineered 
strains. The combination of Clostridium autoethanogenum for CO-to-acetate conversion 
with the environmental bacterium Clostridium kluyveri for acetate-to-butyrate conversion 
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was predicted to yield relatively poor performance despite providing vinyl acetate as a 
secondary carbon source unless hexanoate production by Clostridium kluyveri was 
eliminated through in silico metabolic engineering. An alternative coculture design based 
on combining Clostridium autoethanogenum and the gut bacterium Eubacterium rectale 
with glucose as a secondary carbon source was predicted to provide superior performance 
without the need for strain engineering due to the high growth rates and acetate-to-butyrate 
conversion efficiency of Eubacterium rectale. 
The feasibility of large-scale butyrate production with this wild-type coculture design 
was demonstrated through implementation in a simulated bubble column reactor, which 
predicted enhanced CO-to-butyrate conversion efficiency for CO-rich feeds containing 
sufficiently high levels of H2. Coculture performance was predicted to be limited through 
incomplete CO utilization by Clostridium autoethanogenum and CO inhibition of 
Eubacterium rectale growth, suggesting that further optimization of bubble column design 
and operating parameters was possible. Overall, it demonstrated that metabolic modeling 
could provide useful insights into coculture performance that can guide future experimental 
studies required to validate the model predictions.  
After that, I exploited the native abilities of acetogens to perform CO-to-acetate 
conversion and commensal gut bacteria to perform acetate-to-butyrate conversion for in 
silico development of coculture systems that upgrade CO-rich waste gas streams to the 
platform chemical butyrate. Each candidate coculture design consisted of one acetogen, 
one gut bacterium and a simple sugar which promoted gut bacterium growth but could not 
be consumed by the acetogen. Computational screening of 818 gut bacteria though flux 
balance analysis of their genome-scale metabolic reconstructions provided a diverse set of 
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acetate-to-butyrate converters for coculture design. Ultimately, I found 170 combinations 
of acetogen, gut bacterium and supplied sugar for dynamic simulation of coculture growth 
in a continuous stirred tank reactor with a 70/30 CO/CO2 feed gas mixture and minimal 
media computationally determined for each combination. For the acetogens, these 
simulations predicted that Clostridium ljungdahlii and Clostridium autoethanogenum 
could generate sufficient acetate production for the gut bacterium while Eubacterium 
limosum and Blautia producta grew too slowly to be competitive, perhaps due to the 
approach used to insert CO metabolism into existing genome-scale reconstructions of these 
two gut acetogens. Three gut bacteria were represented in the top five butyrate producing 
cocultures for both competitive acetogens: Clostridium hylemonae, Coprococcus comes 
and Roseburia hominis. Due to their versatility with respect to supplied sugar, the four 
cocultures involving Clostridium hylemonae and Roseburia hominis were investigated in 
more detail. I found that the butyrate production was more dependent on CO-to-acetate 
conversion by the acetogen than acetate-to-butyrate conversion by the gut bacterium. 
While these four coculture systems offered the predicted performance, flexibility and 
robustness to justify experimental testing, my coculture design approach could be further 
enhanced by the availability of a larger set of acetogen metabolic reconstructions. I believe 
that my studies represent an important contribution towards the development of microbial 





II. INCORPORATING HYDRODYNAMICS INTO SPATIOTEMPORAL 
METABOLIC MODELS OF BUBBLE COLUMN GAS FERMENTATION 
This chapter has been published and is available online [5]. 
A. Introduction 
A promising route to renewable liquid fuels and chemicals is the fermentation of carbon 
rich gas streams to synthesize desired products such as ethanol and 2,3-butanediol [6-8]. 
Typical feedstocks are industrial waste gases (mainly CO, CO2, H2 and CH4) [9] and 
synthesis gas (mainly CO and H2) [10], which can be efficiently produced from gasification 
of agricultural and municipal solid wastes [11, 12]. Compared with alternative technologies 
based on chemical and biological catalysts, gas fermentation offers several important 
advantages including operation at or near ambient temperatures and low pressures leading 
to low energy costs, the ability to handle non-carbohydrate materials through gasification, 
high conversion efficiencies, robustness to gas impurities and high product yields [13]. The 
most commonly studied gas fermenting bacterium is the anaerobic acetogen Clostridium 
ljungdahlii, which produces acetate and ethanol as its primary metabolic byproducts [14-
16], while other microbes such as Clostridium carboxidivorans have also been studied [17]. 
Clostridium autoethanogenum is an acetogenic anaerobic bacterium that has been 
shown to efficiently convert carbon rich gas streams into products such as ethanol and 2,3-
butanediol through the Wood-Ljungdahi pathway [4, 18].  As compared to C. ljungdahlii, 
a major advantage of C. autoethanogenum is the higher ethanol/acetate selectivity that can 
be achieved without supplying H2, thereby allowing a wider range of industrial waste gases 
to be used as feedstocks. Wild-type strains of C. ljungdahlii and C. autoethanogenum 
typically produce low yields of ethanol compared to acetate [19, 20]. Using an iterative 
selection process, researchers at LanzaTech developed an improved strain of C. 
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autoethanogenum [21, 22] which provides substantially increased CO uptake, 
ethanol/acetate selectivity [23] and ethanol tolerance [21]. The development of genome 
editing technology for acetogens [3, 24] offers the potential for targeted engineering of 
metabolism to further enhance microbial catalyst performance. 
Most academic research on gas fermentation has focused on batch reactors [25, 26] and 
continuous stirred tank reactors (CSTRs) [27, 28] due to their operational simplicity as well 
as only one single operating condition of specific CO uptake is required for flux balance 
analysis. Because mass transfer between the gas and liquid phases typically is the rate 
limiting step for gas fermentation process [29, 30], these reactor configurations are not 
economically viable at industrial scale due to high energy cost of agitation. Alternative 
configurations including bubble column, monolithic biofilm, gas-lift, trickle-bed, 
immobilized cell and micro-bubble reactors have been shown to provide more efficient 
gas-liquid mass transfer [31]. Bubble column reactors are particularly promising for large-
scale production due to low specific power input per mass transfer unit, scalability, and 
low maintenance and operational costs [32].  
We have previously developed computational model of large-scale bubble column 
reactors for converting synthesis gas into ethanol with C. ljungdahlii as the biocatalyst [2, 
33]. The models combined a genome-scale metabolic reconstruction (GEM) of C. 
ljungdahlii metabolism [34] with CO and H2 uptake kinetics and reaction-convection-
dispersion equations for multiphase transport within the column to predict dissolved gas 
uptake, cellular growth and byproduct secretion rates in spatially heterogeneous 
environments. More recently, we developed and experimentally tested a computational 
model of a bench-scale bubble column reactor for converting CO into ethanol with C. 
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autoethanogenum as the biocatalyst [35]. While published C. autoethanogenum GEMs are 
available [34, 36, 37], we used a GEM developed specifically for the LanzaTech strain 
used in our experiments. This GEM is currently proprietary [38] but will be published in 
the future. 
Our first-generation bubble column models described above were based on highly 
simplified hydrodynamics, most notably ideal plug flow for the vapor phase and plug flow 
plus axial dispersion for the liquid phase. By contrast, industrial bubble column reactors 
are complex multiphase processes in which spatial variations in the superficial gas velocity, 
gas holdup and interfacial area can have profound effects on fermentation performance 
[39-42]. In this paper, we demonstrated how hydrodynamics can be incorporated into the 
reactor modeling framework and assessed the impact of hydrodynamics on the 
performance of bubble column reactors with and without liquid recycle. Models of a large-
scale bubble column for conversion of CO rich streams into ethanol were developed using 
our proprietary GEM to describe C. autoethanogenum metabolism. The proposed approach 
allowed the effects of the superficial gas velocity, gas bubble size, gas holdup and gas-
liquid volumetric mass transfer coefficient on CO conversion, specific CO uptake and 
ethanol production to be predicted. We also explored the effect of reactor height and gas 
feed conditions including the superficial velocity and bubble size on column performance. 
B. Materials and methods 
1. Bubble Column Modeling 
The bubble column models consisted of a genome-scale reconstruction (GEM) of C. 
autoethanogenum metabolism, uptake kinetics for dissolved CO, reaction-convection-
dispersion equations for the liquid phase, and reaction-convection equations plus 
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hydrodynamic equations for the gas phase. The GEM developed for LanzaTech’s 
proprietary C. autoethanogenum strain consisted of 1102 metabolites and 1103 
intracellular and exchange reactions [38]. In our previous work [35], we showed that a 
linear correlation between the superficial gas flow velocity and the upper bound of the 
specific proton flux allowed the GEM to accurately predict measured ethanol-acetate 
selectivities over a range of volumetric gas flow rates. To expand the potential applicability 
of this method to systems other than the bench-scale reactors used for data generation in 
that study, in the present study we used the same data to develop an exponential correlation 
between the superficial gas volumetric flow rate and the liquid volume in the column (see 
Supplementary Materials). Because our experience is that shear forces in well-designed 
bubble columns do not substantially affect C. autoethanogenum metabolism, such difficult-
to-model effects were omitted from the bubble column model. 
The uptake kinetics for dissolved CO were specified to follow the Michaelis-Menten 
equation and accounted for CO inhibition, which experimental studies suggest are 
important at high dissolved CO levels [31], 
𝑣𝐶𝑂 = −
𝑣𝑚𝑎𝑥,𝐶𝑂𝐶𝐿,𝐶𝑂




          (1) 
where 𝑣𝐶𝑂 is the CO uptake rate (mmol/gDW/h), 𝑣𝑚𝑎𝑥,𝐶𝑂 is the maximum CO uptake 
rate (mmol/gDW/h), 𝐶𝐿,𝐶𝑂  is the dissolved CO concentration (mmol/L), 𝐾𝐿,𝐶𝑂  is the 
saturation constant (mmol/L) and 𝐾𝐿,𝐶𝑂 is the inhibition constant (mmol/L). The values of 
𝑣𝑚𝑎𝑥,𝐶𝑂 , 𝐾𝑚,𝐶𝑂  and 𝐾𝐼,𝐶𝑂  used in this work were estimated from CSTR experiments 
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performed at LanzaTech and are considered proprietary. As an alternative to reporting 






















          (2) 
where 𝑣𝐶𝑂
∗ = 𝑣𝐶𝑂/𝑣𝑚𝑎𝑥,𝐶𝑂 , 𝑐𝐿,𝐶𝑂
∗ = 𝑐𝐿,𝐶𝑂/√𝐾𝑚,𝐶𝑂𝐾𝐼,𝐶𝑂 , 𝐾𝑚,𝐶𝑂
∗ = √𝐾𝑚,𝐶𝑂/𝐾𝐼,𝐶𝑂  and 
𝐾𝐼,𝐶𝑂
∗ =√𝐾𝐼,𝐶𝑂/𝐾𝑚,𝐶𝑂 = 1/𝐾𝑚,𝐶𝑂
∗ . We report the value of 𝐾𝑚,𝐶𝑂
∗  (Table 1), which provides 
useful information about the impact of CO inhibition on CO transport.  
The simulated feed gas consisted of CO (50 mole %), CO2 (20 mole %), and N2 (30 
mole %), to mimic an industrial gas waste stream. Preliminary flux balance analysis (FBA) 
A. Conventional Bubble Column Reactor B. Bubble Column Reactor with Liquid Recycling 
Figure 1. Schematic representation of the countercurrent bubble column reactors modeled. uG,0 and db,0 are 
the superficial gas velocity and bubble diameter entering the column, uL is the superficial liquid velocity, 
H is the reactor height, A is the reactor cross-sectional area, PL is atmospheric pressure, Qmedia is the media 
feeding rate, and D is the dilution rate calculated from Qmedia  and the reactor volume. 
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calculations with the C. autoethanogenum GEM showed that CO uptake resulted in the 
production of ethanol, acetate, CO2 and 2,3-butanediol. Neither CO2 or N2 were consumed. 
Based on these FBA results, extracellular mass balances were posed for C. 
autoethanogenum biomass, gas-phase and liquid phase CO and CO2, and liquid-phase 
acetate, ethanol and 2,3-butanediol. Transport processes were assumed to occur only in the 
axial direction of the column such that the spatial variation could be captured by a single 
variable z. Two column configurations were investigated, both of which assumed 
countercurrent flows of the liquid and gas streams (Figure 1). The recycle column (Figure 
1B) had liquid recycle from the bottom of the column to the top of the column, while liquid 
recycle was absent in the conventional column (Figure 1A). The conventional column 
offers operational simplicity and lower energy costs due to the absence of liquid pumping. 
The major advantage of the recycle column is the ability to achieve high cell concentrations 
due to higher gas holdup, which results in improved mass transfer, enhanced CO utilization 
and higher synthesis of desired products such as ethanol and 2,3-butanediol. The recycle 
column is more consistent with industrial practice [35], while conventional columns with 
co-current gas and liquid flows have been the focus of previous UMass research [2]. 
Each column was modeled by treating liquid phase transport as ideal plug flow plus 
axial dispersion and gas phase transport as non-ideal and governed by appropriate 
hydrodynamic equations. Previously we have developed models for each column 
configuration in the absence of hydrodynamics [2, 35]. The incorporation of 
hydrodynamics is illustrated below for the recycle column. Due to the high velocity of the 
liquid recycle stream (50 m/h) compared to the low velocity of the liquid media stream (0.6 
m/h), the recycle column was characterized by low reaction rates relative to convective 
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mass transfer rates. Therefore, the liquid phase was assumed to well-mixed rather than 
spatially varying. This assumption was validated by comparing predictions to the more 
complex model in which the liquid phase was spatially varying (see Supplementary 
Materials). 
The mass balance equation for C. autoethanogenum biomass was formulated as, 
𝑑𝑋
𝑑𝑡
= 𝜇𝑋 − 𝐷𝑋          (3) 
𝑋(0) = 𝑋0 
where 𝑋 is the concentration of C. autoethanogenum biomass (g/L), 𝜇 is the specific 
growth rate (h-1) and 𝐷 is the dilution rate (h-1), which was calculated as the volumetric 
flow rate of media entering the column divided by the volume of the column. The mass 
balances on metabolic byproducts had the form, 
𝑑𝐶𝑗
𝑑𝑡
= 𝑀𝑗𝑣𝑗𝑋 − 𝐷𝐶𝑗           (4) 
𝐶𝑗(0) = 𝐶𝑗,0 
where 𝐶𝑗 is the concentration (g/L) of 𝑗-th metabolic byproduct (acetate, ethanol, 2,3-
butanediol), 𝑀𝑗  is the molecular weight (g/mmol) of the 𝑗 -th byproduct and 𝑣𝑗  is the 
specific production rate (mmol/gDW/h) of the 𝑗-th byproduct. 
2. Hydrodynamics 
Previous studies have shown that variations in hydrostatic pressure, gas velocity, gas 
holdup and gas-liquid interfacial area can strongly impact the performance of bubble 
column reactors [40, 43-46]. In particular, the flow regime within the column is known to 
depend on the gas holdup, which is mainly determined by superficial gas velocity and gas 
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bubble size. Low gas holdups result in homogeneous, bubbly flow while the regime 
transitions to heterogeneous flow for high gas holdups. Interactions between the dispersed 
gas phase and the continuous liquid phase vary considerably according to flow regime, 
with heterogeneous flow often resulting in bubble coalescence and/or break-up [41, 47]. 
Our model neglected bubble coalescence and breakage under the assumption that these 
effects are negligible in the homogeneous, bubbly flow regime captured by the model. 
Although few experimental studies have focused on the hydrodynamics of gas fermentation 
broth system, reported values of the transition gas velocity and holdup for air-water bubble 
columns are approximately 0.04 m/s and 20%, respectively [48, 49]. These values provide 
a rough estimate for regime transition in gas fermentation broths, which are expected to 
have a larger homogeneous regime due to reduced bubble coalescence. Other studies 
demonstrate that the addition of ethanol into an air-water system can have a pronounced 
effect on regime transition in bubble columns. More generally, the addition of “impurities” 
increases the value of the critical gas holdup associated with flow regime transition [50]. 
Therefore, the nominal parameters of our models were chosen such that gas holdup did not 
substantially exceed 20%. 
To integrate hydrodynamics within our previous bubble column models, the gas 
velocity, bubble size and holdup were predicted as a function of time and location in the 
column. Because the dynamics of cell growth were much slower than gas phase dynamics, 
the hydrodynamic variables were governed by steady-state equations rather than by 
considerably more complex transient continuity and momentum equations [51]. Other 
column variables where modeled with time and spatially dependent differential equations; 
therefore, the hydrodynamic variable also varied with time and location under the pseudo 
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steady-state assumption. Below the governing equations for the recycle column 
configuration (Figure 1B) are described. The equations for the conventional configuration 
(Figure 1A) differ only with regard to the boundary conditions and are omitted here for the 
sake of brevity.  














∗ − 𝐶𝐿,𝑖)          (5) 






,   
𝜕𝐶𝐿,𝑖(0, 𝑡)
𝜕𝑧
= 0,    𝐶𝐿,𝑖(𝑧, 0)
=  𝐶𝐿,𝑖,0 
where 𝜀𝐿  is the liquid holdup, 𝐶𝐿,𝑖  is the concentration (mmol/L) of 𝑖 -th dissolved 
gaseous component (CO, CO2), 𝑢𝐿 is the superficial liquid velocity (m/h), 𝑣𝑖 is the uptake 
rate (mmol/gDW/h) of 𝑖-th component, 𝐷𝐴 is the axial dispersion coefficient (m
2/h) of the 
liquid phase, 𝑘𝐿,𝑖 is the gas-liquid mass transfer coefficient (m/s) of 𝑖-th component, 𝑎 is 
the interfacial mass transfer area (m2/m3), and 𝐶𝑖
∗ is the saturation concentration (mmol/L) 
of the 𝑖-th component calculated from the gas phase concentration by using Henry’s law at 
the specified temperature and pressure. The reactor was assumed to be isothermal, while 
the hydrostatic pressure varied with location (see below). The boundary conditions at the 
top of the column accounted for mixing, where 𝑄𝑅 and 𝑄𝑀𝑒𝑑𝑖𝑎 are the liquid recirculation 
rate (L/h) and the media feeding rate (L/h), respectively. Zero slope boundary conditions 
were imposed at the bottom of column. The initial conditions were calculated from the 
initial gas phase concentrations using Henry’s law, which was consistent with the liquid 
phase being saturated with the feed gases [52, 53]. 
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∗ − 𝐶𝐿,𝑖)          (6) 
𝐶𝐺,𝑖(0, 𝑡) = 𝐶𝐺,𝑖,𝐹𝑒𝑒𝑑,    𝐶𝐿,𝑖(𝑧, 0) =  𝐶𝐿,𝑖,0 
where 𝜀𝐺  is the gas holdup, 𝐶𝐺,𝑖  is the concentration (mmol/L) of 𝑖 -th gas phase 
component (CO, CO2) and 𝑢𝐺  is the superficial gas velocity (m/h). The boundary 
conditions accounted for gas feeding at the bottom of the column. The initial conditions 
were calculated based on ideal gas law using spatially dependent pressures. The pressure 
profile was calculated from the liquid head as, 
𝑑𝑃
𝑑𝑧
= −𝜌𝐿𝑔𝜀𝐿          (7) 
𝑃(𝐿) = 𝑃𝐿 
where  𝑃 is the local pressure (Pa), 𝜌𝐿 is the density of liquid phase (kg/m
3) and assumed 
to equal to the density of water and 𝑃𝐿  is atmospheric pressure used as the boundary 
condition at the top of column. 
The gas holdup was calculated from the one-dimensional drift-flux model, 
𝑢𝐺
𝜀𝐺
= 𝐶0(𝑢𝐺 + 𝑢𝐿) + 𝑣𝑏(1 − 𝜀𝐺)          (8) 
where 𝐶0 is the distribution parameter and 𝑣𝑏 is the bubble rising velocity (m/h). The 
drift-flux model is commonly used for describing the relative motion of multiphase flows 
without solving the detailed momentum and energy equations [54]. Equation 8 is a more 
recently developed version in which the term 𝑣𝑏(1 − 𝜀𝐺) is related to the weight-average 
drift velocity [55] and is applicable to the bubbly flow regime and gas holdup less than 
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25%. The distribution parameter 𝐶0 is often taken as 1-1.2 for fast upward bubble flows 











         (9) 
where g is the gravitational constant (m/s2), 𝑑𝑏 is the bubble diameter (mm) and 𝜇𝐿 is 
the viscosity of liquid phase (Pa*s). The dependence of the terminal rise velocity of a single 
bubble on fluid properties has been investigated experimentally by numerous researchers 
[56]. Among available correlations, Equation 9 provides a comprehensive description 
within its range of applicability [57]. 
The equation for bubble diameter had the form [56], 




          (10) 
where 𝑑𝑏,0 is the bubble diameter (mm) entering the column, 𝑛𝐺,0 is the mass flow rate 
(g/s) of the feed gas and 𝑛𝐺  is the local molar flow rate (g/s) of the gas stream. We treated 
𝑑𝑏,0  as an operating variable. In practice, the bubble diameter can be controlled by 
appropriate design of gas spargers [58]. This relation accounted for increasing bubble size 
due to decreasing pressure and decreasing size due to gas consumption. Using the ideal gas 






          (11) 
where 𝑢𝐺,0 is the superficial velocity (m/h) of the feed gas entering the column. The 
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Nominal parameters for the bubble column model with liquid recycling are listed in 
Table 1. Parameters were obtained from the literature to the extent possible. The bubble 
column height 𝐻  and cross-sectional area 𝐴 correspond to a typical height-to-diameter 
ratio of 5 [48] and a reactor volume of 30,000 liters consistent with a demonstration-scale 
unit. The pressure 𝑃𝐿 is at the top of the column is atmospheric, and the temperature 𝑇 is 
optimal for C. autoethanogenum growth [61]. The feed superficial gas velocity 𝑢𝐺,0 and 
bubble diameter 𝑑𝑏,0 were specified at atmospheric pressure and were pressure corrected 








            (13) 
This approach was necessary because the pressure 𝑃0  at the bottom of the column 
depended on the gas holdup (Equation 7) and was unknown until the model was solved. 
Calculated superficial velocities and bubble diameters were consistent with the assumption 
that the column operated in the bubbly regime [49].  
The superficial liquid phase velocity 𝑢𝐿  and dilution rate 𝐷 corresponded to a much 
larger velocity of the liquid recycle stream (50 m/h) compared to the liquid media stream 
(0.6 m/h), which allowed the assumption of a homogeneous liquid phase to be invoked. A 
typical value of the gas-liquid mass transfer coefficient  [62] was used, while the liquid 
phase dispersion coefficient 𝐷𝐿 was obtained from our previous modeling study [2]. The 
feed gas mole fractions 𝑦𝐶𝑂, 𝑦𝐶𝑂2 and 𝑦𝑁2 where chosen to mimic a typical industrial gas 
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waste stream [9]. Henry’s law constants 𝐻𝐶𝑂  and 𝐻𝐶𝑂2  were obtained by temperature 
correction of published aqueous values at 37 ℃ [63]. The viscosity μL of the liquid phase 
and the distribution parameter 𝐶0 of the drift-flux model were found to be suitable for this 
system experimentally. The dimensionless kinetic parameter 𝐾𝑚,𝐶𝑂
∗  for C. 
autoethanogenum CO uptake was obtained from LanzaTech experiments. 
Table 1.  Nominal parameters for the bubble column model with liquid recycling. 
Parameter Symbol Value 
Column height H 10 m 
Column cross-sectional area A 3 m2 
Pressure at the top of column PL 1.013e5 Pa 
Temperature T 37 ℃ 
Feed superficial gas velocity at 1 atmosphere uG,0 150 m/h 
 
Superficial liquid phase velocity uL 50 m/h 
Feed gas bubble diameter at 1 atmosphere db,0 1.5 mm 
Gas-liquid mass transfer coefficient kL 1e-4 m/s 
Liquid phase dispersion coefficient DL 0.25 m
2/h 
CO mole fraction in feed gas yCO 50% 
CO2 mole fraction in feed gas yCO2 20% 
N2 mole fraction in feed gas yN2 30% 
CO Henry’s law constant HCO 8e-4 mol/L/atm 
CO2 Henry’s law constant HCO2 2.5e-2 mol/L/atm 
Viscosity of liquid phase μL 0.9242 mPa*s 
Dilution rate D 0.06 h-1 
Distribution parameter for drift-flux model C0 1.05 
Dimensionless CO uptake kinetic parameter 𝐾𝑚,𝐶𝑂
∗  0.19 
 
3. Numerical Solution 
The bubble column models consisted of linear programs (LPs) for C. autoethanogenum 
intracellular metabolism, algebraic equations (AEs) and ordinary differential equations 
(ODEs) in space for two-phase hydrodynamics, ODEs in time for liquid-phase mass 
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balances, and partial differential equations in time and space for gas and dissolved gas mass 
balances. We followed our previously developed numerical solution strategy based on 
spatial discretization of the PDEs. The reactor height was discretized with 51 node points 
separated by 0.2 m and spatial derivatives and boundary conditions were approximated by 
central finite differences [2, 64]. The resulting differential algebraic equation (DAE) 
system with embedded LPs was solved using DFBAlab [65, 66], a MATLAB code for 
efficient and robust solution of dynamic flux balance models. DFBAlab required the 
specification of hierarchical optimization objectives to ensure LP solutions remained 
unique despite the possibility of alternative optima [65]. The primary objective was growth 
rate maximization, while the remaining objectives were maximized in the following order: 
CO uptake, ethanol secretion, acetate secretion, 2,3-butanediol secretion and CO2 secretion. 
DFBAlab used the MATLAB code ode15s for DAE solution and Gurobi for LP solution.  
Our previous bubble column models  [2, 33] required solution of ODE-LP systems, 
while the current models required the solution of DAE-LP systems due to introduction of 
two-phase hydrodynamics. We found the specification of consistent initial conditions for 
the DAE systems to be challenging. Inspired by proposed initialization methods [67], we 
develop a robust strategy for DAE initialization that avoided the problem of inconsistent 
initial conditions. First, a bubble column model without hydrodynamics was integrated and 
the steady-state solution was captured. This solution was used to calculate steady-state 
values of the hydrodynamic variables. The steady-state solutions were combined to 
generate initial conditions for the bubble column model with hydrodynamics. This method 
generated “almost” consistent initial conditions that allowed MATLAB to find consistent 
initial conditions for the nominal model parameters. When parameter changes were 
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implemented, this initial condition produced convergence if the parameter change was 
sufficiently small. Otherwise, the parameter change was implemented in several smaller 
steps to generate a sequence of initial conditions that allowed convergence.  
The drift-flux model (Equation 8) represented a quadratic equation for the gas holdup 
𝜀𝐺. For all parameter values tested, the equation yielded two real solutions. The smaller 
value corresponded to the bubbly flow regime, while the larger value represented a more 
complex situation with a foamy layer on top of bubbly liquid layer [68]. To be consistent 
with the assumption of bubbly flow, the equation was rewritten in its quadratic form and 
the smaller solution was used. 
To allow other researchers access to the spatiotemporal metabolic modeling code, we 
developed a bubble column model with liquid recycle and hydrodynamics based on a 
publicly available GEM of wild-type Clostridium ljungdahlii metabolism [34]. The model 
is downloadable (www.ecs.umass.edu/che/henson_group/downloads.html). 
C. Results and discussion 
1. Impact of hydrodynamics 
To investigate the combined effects of hydrodynamics and liquid recycle, we developed 
and compared four bubble column models: the conventional column (Figure 1A) with and 
without hydrodynamics and the liquid recycle column (Figure 1B) with and without 
hydrodynamics. The column models without hydrodynamics used constant values of the 
superficial gas velocity, gas holdup, gas bubble diameter and interfacial area. To facilitate 
meaningful comparisons, these values were specified as the corresponding values at the 
bottom of the column used in the models with hydrodynamics. This approach allowed the 
effects of constant and spatially varying hydrodynamics variables to be directly compared. 
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The conventional column models included equations for a spatially varying liquid phase 
[2, 33] and used the parameter values listed in Table 1 with a much smaller superficial 
liquid velocity 𝑢𝐿  = 0.25 m/h to avoid reactor washout, while the exiting superficial 
velocity of liquid phase for the recycle case was 0.6 m/h. Since the superficial liquid 
velocity affected both the growth rate and the ethanol/acetate selectivity, a direct  
comparison of selectivity between the two cases was not performed. Dynamic simulations 
were run for 500 h to obtain steady-state solutions. Because the conventional and recycle 
reactors had different exiting liquid flow rates due to the washout limitations, results were 
plotted as mass flow rates (kg/h) exiting at the bottom of the column rather than as exiting 
concentrations (g/L).  
Liquid recycle was predicted to generate high biomass concentrations compared to the 
conventional reactors without recycle (Figure 2a) due to increased gas holdup, gas-liquid 
Figure 2. Steady-state spatial profiles of predicted for two bubble column reactor configurations 
(conventional, liquid recycle) with and without hydrodynamics. (a) biomass production rate; (b) dissolved 
CO concentration; (c) gas-phase CO concentration; (d) acetate production rate; (e) ethanol production 
rate; (f) 2,3-butanediol production rate. The liquid phase exited the column at z = 0 m and the gas phase 
exited the column at z = 10 m.  Liquid-phase concentration profiles for the recycle reactors were flat due 




mass transfer and gas consumption (Figure 3C, 3D and 3F). For the two models that 
included hydrodynamics, recycle increased the exiting biomass concentration by 47% due 
to higher CO conversion (Figure 2c). Correspondingly, the recycle reactors were predicted 
to have higher ethanol, acetate and 2,3-butanediol production (Figures 2d-f). Ethanol and 
acetate were produced with approximately equal selectivity for each case. By contrast, 2,3-
butanediol was produced in appreciable amounts only with the recycle reactors, which was 
attributable to higher volumetric CO consumption rates across the column compared to the 
conventional reactors. Further increases in 2,3-butanediol production could be achieved in 
silico by modifying the C. autoethanogenum reconstruction according to published 
metabolic engineering strategies [69]. The conventional reactors produced higher dissolved 
CO concentrations (Figure 2b) due to reduced reaction rate, lower CO conversions and 
higher CO concentrations in the gas phase.  
While liquid recycle was predicted to improve bubble column performance, the 
hydrodynamics negatively affected performance (Figure 2). Omission of hydrodynamic 
effects resulted in overestimation of mass transfer performance, as the hydrodynamic 
model predicted a significant reduction in gas residence time due to bubble expansion being 
dominant compared to gas consumption. For both column configurations, hydrodynamics 
was predicted to reduce CO gas conversion, biomass production, and ethanol, acetate and 
2,3-butanediol production. The impact of hydrodynamics was most significant for the 
recycle reactors. For example, the models predicted 8% and 20% reductions in total 
volumetric CO consumption, and therefore, 19% and 28% reductions in biomass 
production from the conventional and recycle reactors, respectively, due to hydrodynamics. 
Similarly, CO conversion, ethanol production and 2,3-butanediol production were reduced 
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by 10%, 28% and 14%, respectively, due to hydrodynamics in the recycle configuration.   
 Differences in predicted reactor performance between the four cases were analyzed 
with respect to the hydrodynamic variables. As mentioned above, the column models 
without hydrodynamics used constant values of these variables that were specified as the 
corresponding values at the bottom of the column used in the models with hydrodynamics. 
Therefore, each pair of models with and without hydrodynamics used the same values at 
the gas entrance (z = 0 m) to facilitate comparison. For either reactor configuration, 
spatially varying hydrostatic pressure was predicted to have a substantial impact on the 
superficial gas velocity (Figure 3a), gas bubble diameter (Figure 3b), gas holdup (Figure 
3c) and CO gas-liquid volumetric mass transfer coefficient (Figure 3d) variations across 
Figure 3. Steady-state spatial profiles predicted for two bubble column reactor configurations 
(conventional, liquid recycle) with and without hydrodynamics. (a) superficial gas velocity; (b) gas bubble 
diameter; (c) gas holdup; (d) CO gas-liquid mass transfer; (e) C. autoethanogenum growth rate; (f) C. 
autoethanogenum total volumetric CO uptake rate. 
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the column. The gas velocity and bubble diameter were predicted to increase along the 
height of the column because the effect of reducing pressure was more significant than the 
effect of gas consumption (Equations 10 and 11). The drift-flux model predicted an 
increase in gas holdup along the column, primarily due to the increasing volumetric gas 
flow rate. The CO gas-liquid volumetric mass transfer coefficient 𝑘𝐿,𝐶𝑂𝑎 was predicted to 
increase along the column because the effect of increasing gas holdup was more significant 
than the effect of increasing bubble size (Equation 12).  
The major differences between the conventional and recycle column models without 
hydrodynamics were the predicted the gas holdup and the CO gas-liquid volumetric mass 
transfer coefficient 𝑘𝐿,𝐶𝑂𝑎. Liquid recycle yielded increased values of these two variables, 
which remained constant along the column in the model where hydrodynamic effects were 
neglected. Analogous predictions were obtained for the two column models with 
hydrodynamics, with difference at the gas feeding location (z = 0 m) resulting in increased 
gas holdup and CO gas-liquid mass transfer across the column for the recycle column. The 
improved performance of the recycle columns (Figure 2) was mainly attributable to these 
two effects. 
Liquid recycle was predicted to yield reduced C. autoethanogenum specific growth rates 
(Figure 3e) over most of the column compared to the conventional columns. As would be 
expected from classical chemostat theory [70] due to the assumption of a homogeneous 
liquid phase, the spatially averaged specific growth rates of the two recycle reactors were 
approximately equal to dilution rate 𝐷 = 0.06 h-1. The conventional reactors were predicted 
to have higher specific growth rates across most of the reactor due to higher dissolved CO 
concentrations (Figure 2b). In fact, the conventional reactors also have slightly higher 
24 
 
biomass concentration at the exit compared to the recycle case. However, liquid recycle 
allowed the use of a media flow rate 𝑄𝑚𝑒𝑑𝑖𝑎 = 1.8 m
3/h more than double that possible in 
the conventional column 𝑄𝐿 = 0.75 m
3/h because recycle substantially increased the range 
of flow rates that did not result in reactor washout. Consequently, the recycle reactors 
generated higher mass flow rates of biomass (Figure 2a) which resulted in higher total 
volumetric CO uptake rate (Figure 3f) and byproduct mass flow rates (Figure 2d-f) at the 
reactor exit (z = 0 m) despite lower specific growth rates. 
2. Effects of select column design and operating parameters 
Additional simulations were performed to investigate the impact of column parameters 
on reactor performance. These simulations were performed with the liquid recycle model 
with hydrodynamics since recycle was predicted to substantially improve performance and 
the inclusion of hydrodynamics represented the more realistic case. We explored both 
design parameters (column height) and operating parameters (feed superficial gas velocity, 
Figure 4. Effect of the feed superficial gas velocity (uG,0) on bubble column reactor performance. The 
nominal value of uG,0 was 150 m/h.(a) biomass, acetate and ethanol mass flow rates exiting the column; (b) 
gas-phase CO mass flow rate; (c) superficial gas velocity; (d) CO gas-liquid mass transfer coefficient; (e) 
total volumetric CO uptake rate; (f) ratio of ethanol-to-acetate synthesis rate. 
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bubble size and composition, superficial liquid velocity and dilution rate) by comparing 
steady-state performance with the nominal parameter value and two other parameter values 
less than and greater than the nominal value.   
As expected, increasing the feed superficial velocity 𝑢𝐺,0 caused the gas velocity to 
increase across the column (Figure 4c). Note that the calculated velocities did not equal the 
specified 𝑢𝐺,0 at the location of gas feeding (z = 0 m) because the calculated velocities were 
pressure corrected (Equation 13). Increasing 𝑢𝐺,0 values were predicted to have higher total 
volumetric CO consumption rates across the whole column (Figure 4e) and substantially 
increase biomass and ethanol production, while having little effect on acetate production 
(Figure 4a). The ethanol-acetate selectivity was enhanced because higher velocities 
increased dissolved CO concentrations, which favored ethanol synthesis over acetate 
synthesis (Figure 4f). Interestingly, CO gas conversion was approximately 46% for all 
three cases (Figure 4b) even though higher gas velocities resulted in shorter gas residence 
times. This effect was counteracted by higher CO gas-liquid volumetric mass transfer 
coefficients (Figure 4d) as the feed gas velocity was increased, which resulted in higher 
total volumetric CO uptake with increasing superficial gas velocity, and consequently 




 When the feed gas bubble diameter was decreased, the bubble diameter decreased 
across the column as expected (Figure 5c). Note that the calculated bubble diameters did 
not equal the specified 𝑑𝑏,0 at the location of gas feeding (z = 0 m) because the calculated 
diameters were pressure corrected (Equation 13). The primary effect of decreased bubble 
size was to increase gas holdup (Figure 5d), CO gas-liquid mass transfer (Figure 5e) and 
CO gas conversion (Figure 5b). Decreasing 𝑑𝑏,0 values were predicted to increase biomass, 
ethanol and acetate production by approximately the same fraction (Figure 5a), while a 
slight increase in ethanol-to-acetate synthesis was observed at the smallest bubble diameter 
(Figure 5f). The calculated volumetric mass transfer coefficients for the smallest bubble 
diameter are well within published values, which are as high as 860 h-1 for standard bubble 
columns and 1800 h-1 for microbubble sparged columns. Although smaller gas bubbles are 
known to improve bubble column reactor performance, bubble size reduction can be energy 
intensive and negatively affect process economics. LanzaTech has recently patented a 
Figure 5. Effect of the feed gas bubble diameter (db,0) on bubble column reactor performance. The nominal 
value of db,0 was 1.5 mm.(a) biomass, acetate and ethanol mass flow rates exiting the column; (b) gas-
phase CO mass flow rate; (c) superficial gas velocity; (d) gas holdup; (e) CO gas-liquid mass transfer 
coefficient; (f) ratio of ethanol-to-acetate synthesis rate. 
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novel microbubble column design based on in situ bubble breakage that offers the potential 
for reduced energy usage [71]. Simulation results for changes in other operating parameters 
(feed composition, superficial liquid velocity and dilution rate) are shown in the 
Supplementary Materials.  
Column height 𝐻 was the primary reactor design parameter investigated. The height 
was expected to have a complex effect on reactor performance since it affected hydrostatic 
pressure, gas retention time and the availability of gas per unit volume of liquid per unit 
time. To allow a meaningful comparison, the dilution rate 𝐷 was maintained constant for 
the three cases, which necessitated that the media feed flow rate be varied as 𝑄𝑚𝑒𝑑𝑖𝑎 =
𝐷𝐿𝐴, where 𝐴 is the column cross-sectional area. The model predicted that increasing 
height would substantially increase biomass and acetate production, while ethanol 
production would be increased more modestly (Figure 6a) due to reductions in ethanol-to-
acetate synthesis across the column (Figure 6f). This effect was attributable mainly to 
Figure 6. Effect of the column height (H) on bubble column reactor performance. The nominal value of H 
was 10 m.(a) Biomass, acetate and ethanol mass flow rates exiting the column; (b) gas-phase CO mass flow 
rate; (c) hydrostatic pressure; (d) superficial gas velocity; (e) CO gas-liquid mass transfer coefficient; (f) 
ratio of ethanol-to-acetate synthesis rate. 
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reduced gas available per unit volume of liquid per time as the column height was increased. 
For example, the shortest column of height 7.5 m produced the highest biomass 
concentration (not shown) even though this column had the lowest CO conversion (Figure 
6b). Hydrostatic pressure increased with increasing height as expected (Figure 6c). The 
model predicted that the average superficial gas velocity (Figure 6d) and CO gas-liquid 
volumetric mass transfer coefficient (Figure 6e) across the column would decrease with 
increasing height. 
D. Conclusions 
We investigated the impact of hydrodynamics on bubble column reactor performance 
by developing spatiotemporal metabolic models for conversion of carbon monoxide to 
ethanol using the microbial catalyst Clostridium autoethanogenum. Four distinct models 
were developed so the combined effects of hydrodynamics and liquid recycle could be 
delineated. The two models that included hydrodynamics allowed the prediction of the 
superficial gas velocity, gas holdup, gas bubble diameter and interfacial area as a function 
of time and column location. The other two models were derived under the assumption that 
the gas phase was ideal plug flow plus axial dispersion, which allowed the hydrodynamic 
variables to be treated as constants. The incorporation of hydrodynamics was predicted to 
substantially diminish bubble column performance with respect to CO conversion, biomass 
production and ethanol production. Therefore, we concluded that the inclusion of 
hydrodynamics is important to generate high fidelity models of these complex multiphase 
processes.  
Our models also predicted that liquid recycle improved reactor performance compared 
to a conventional configuration without recycle by substantially increasing CO conversion, 
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biomass production, and ethanol and 2,3-butanediol production. Additional simulations 
were performed using the liquid recycle model with hydrodynamics to investigate the 
effect of column design and operating parameters on reactor performance. Increased gas 
feed flow rates, smaller CO gas bubbles and shorter column heights were shown to favor 
ethanol production over acetate production, but only reduced bubble size also improved 
CO conversion. Our spatiotemporal metabolic models demonstrate the importance of 
hydrodynamics on bubble column performance and provide an in silico tool for predicting 
dissolved CO profile, specific uptake rates, metabolite fluxes, and ultimately optimizing 
the conversion efficiency of industrial gas fermentation systems. Our future work will be 




III. METABOLIC MODELING OF BACTERIAL CO-CULTURE SYSTEMS 
PREDICTS ENHANCED CARBON MONOXIDE-TO-BUTYRATE 
CONVERSION COMPARED TO MONOCULTURE SYSTEMS 
This chapter has been published and is available online [1]. 
A. Introduction 
The development of cost-effective technologies for sustainable production of fuels and 
chemicals from renewable resources remains a paramount challenge for our society. While 
catalytic technologies hold considerable promise for many applications, they suffer from 
several shortcomings including the need for costly gas pretreatment, high operating 
temperatures and catalyst fouling that reduces process efficiency [72]. Microbial systems 
represent a possible alternative for many applications due to their evolved ability to utilize 
diverse feedstocks and synthesize a broad array of metabolites  [73]. However, the 
effectiveness of microbial platforms has only been demonstrated at scale for a few 
applications such as conversion of corn-derived glucose to ethanol [74] and the production 
of 1,3-propanediol from plant-derived glucose [75]. To eventually succeed in the 
marketplace, microbial systems must offer more flexibility with respect to the feedstock 
utilized as well as the product synthesized. 
Butyric acid and its conjugate base butyrate are important platform chemicals for 
production of methyl butyrate, cellulose acetate butyrate (CAB), poly(3-hydroxybutyrate) 
(PHB) and other chemical intermediates [76-79] and for incorporation into animal feeds as 
a nutrient [80] . The global butyric acid market was USD 124.6 Million in 2014 and is 
estimated to more than double to USD 289.3 Million in 2020 [81]. Current butyrate 
production technology is based on chemical synthesis through oxidation of butyraldehyde, 
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which is produced from crude oil derived propylene by oxosynthesis [82]. This chemical 
synthesis route will eventually require replacement with a renewable alternative. Due to 
the highly optimized nature of current butyrate production processes, competing 
technologies will require a relatively cheap feedstock to offer the possibility of economic 
competitiveness. While microbial systems have been proposed for butyrate production [76], 
most technologies are based solely on relatively expensive feedstocks such as glucose. 
Waste gas streams containing CO, CO2, H2 and N2 are produced in high volumes by several 
large industries including steel manufacturing, oil refining and chemical production [9, 11-
13]. LanzaTech is commercializing microbial technologies for waste gas conversion to 
fuels and chemicals [83]. Development efforts have focused on the use of gas fermenting 
acetogens such as Clostridium autoethanogenum to synthesize the native metabolic 
byproducts ethanol and 2,3-butanediol.  
Microbial butyrate production from waste gases is challenging because wild-type strains 
capable of gas consumption tend to synthesize butyrate at low yields. Several bacterial 
genera including Butyribacterium, Butyrivibrio, Clostridium, Eubacterium, 
Fusobacterium, Megasphera and Sarcina are known to synthesis butyrate as a primary 
metabolic byproduct [79]. However, only a few butyrate-producing genera are capable of 
CO and CO2 uptake. Eubacterium limosum has been reported to grow on CO as a sole 
carbon source and to secrete acetate and trace amounts of butyrate [84]. Clostridium strains 
are more commonly used for butyrate and butanol synthesis due to their relatively high 
productivities. For example, Clostridium tyrobutyricum is capable of high butyrate 
synthesis from glucose and xylose but is incapable of CO consumption [85, 86]. An 
alternative approach is to metabolically engineer the Wood-Ljungdahl pathway of gas 
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fermenting acetogens such as Clostridium autoethanogenum and Clostridium ljungdahlii 
to introduce butyrate synthesis. Both in vitro [69, 87] and in silico [69, 87] studies have 
demonstrated the feasibility of engineering C. ljungdahlii to secrete butyrate while 
reducing the synthesis of the native products acetate and ethanol. However, these studies 
indicate that butyrate production was accompanied by reduced growth of the mutant strain. 
Furthermore, attempts to increase carbon flux to butyrate through deletion of the ack 
(acetate kinase) gene has the potential to reduce strain genetic stability [88]. Therefore, 
there is considerable motivation to develop new microbial platforms for CO-to-butyrate 
conversion based on wild-type strains.  
In this study, we focused on in silico analysis of coculture systems in which the CO 
consumption and butyrate synthesis capabilities of wild-type strains were synergistically 
combined. Motivated by coculture designs developed for biofuel and biogas production, 
Figure 7. (a) Schematic representation of the coculture design concept. (b) Continuous stirred tank 
bioreactor (CSTBR) simulations used to evaluate system performance. (c) Dynamic flux balance model 
solved with DFBAlab. (d) Representative dynamic simulation results. 
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wastewater treatment, soil remediation and traditional food production [89-93], we sought 
to exploit the native metabolic capabilities of acetogens to convert CO-containing waste 
gases to acetate and of certain anaerobes to convert available acetate to butyrate (Figure 
7a). The two acetate-to-butyrate converting species investigated were the environmental 
bacterium Clostridium kluyveri and the human gut bacterium Eubacterium rectale. A 
coculture of C. kluyveri and C. autoethanogenum has been studied in vitro for conversion 
of CO-rich gas streams to butyrate, other short-chain fatty acids and higher alcohols [93, 
94]. A possible disadvantage of this design is that C. kluyveri can exhibit diauxic growth 
by consuming secreted butyrate as a substrate to synthesize other metabolic products such 
as hexanoate  [95]. E. rectale is a common member of the human gut microbiota whose 
primary metabolic function in vivo is acetate-to-butyrate conversion [96]. E. rectale often 
secretes H2 as a secondary byproduct, thereby providing an additional energy source to 
support C. autoethanogenum growth. Both cocultures systems were supplied with a 
secondary carbon source to enhance growth of the butyrate producer. If not consumed by 
the butyrate-producing species, ethanol could be a valuable coproduct which is easily 
separated from butyrate due to their different boiling points (ethanol 78.2 ℃, butyrate 
163.5 ℃) and inability to form an azeotrope. 
We developed dynamic models of coculture growth in continuous stirred tank 
bioreactors (CSTBRs) to assess the relative performance of the two coculture system 
designs along with a monoculture design based on engineered C. autoethanogenum (Figure 
7b). In addition to the usual advantage that CSTBRs offers higher volumetric productivities 
than batch bioreactors, continuous liquid and gas flows allowed the dissolved CO 
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concentration to be maintained at low levels that were less likely to strongly inhibit growth 
of the butyrate-producing species. 
The models combined genome-scale reconstructions of individual species metabolism, 
uptake kinetics for dissolved gas components and extracellular balances for biomass, gas-
phase metabolite and liquid-phase metabolite concentrations (Figure 7c). The MATLAB 
code DFBAlab was used to solve the dynamics models consisting of nonlinear ordinary 
differential equations with embedded linear programs (Figure 7d).  Due to its promising 
performance in well-mixed continuous culture, the C. autoethanogenum-E. rectale system 
was evaluated for coculture growth in a simulated bubble column reactor that provides 
more favorable gas-liquid mass transfer and the capability for large-scale production [6, 29, 
48]. We believe that our study represents an important contribution towards the 
development of microbial platforms for waste gas-to-butyrate conversion. 
B. Materials and Methods 
1. Engineered C. autoethanogenum model 
C. autoethanogenum metabolism was described by the genome-scale reconstruction 
iCLAU786 which accounts for 786 annotated genes, 1,095 intracellular metabolites and 
1,108 intracellular and exchange reactions [37, 97]. The reconstructed Wood-Ljungdahl 
pathway [98] offers the potential of synthesizing and secreting native metabolites including 
acetate, ethanol, lactate and 2,3-butanediol. Preliminary flux balance analysis (FBA) 
calculations with a maximal growth objective predicted acetate and ethanol as the primary 
metabolic products from CO/H2 feed mixtures. The published model contained an 
incomplete butyrate synthesis pathway, consistent with the inability of the wild-type strain 
to produce butyrate [69]. A functional butyrate synthesis pathway was introduced by in 
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silico insertion of the biosynthetic reactions ACACT1r, ACOAD1z, HACD1, ECOAH1, 
PBUTT and BUTKr and the butyrate transport reaction BUTt  [87] (Table S2). OptKnock 
[69, 99] was used to determine in silico gene deletions that would direct flux away from 
the native products and towards butyrate. 
Dissolved CO uptake kinetics of C. autoethanogenum were specified to follow a 
modified Michaelis-Menten equation that accounted for CO inhibition, which experimental 
studies have shown is important at high dissolved CO levels [31], 
𝑣𝐶𝑂 = −
𝑣𝑚𝑎𝑥,𝐶𝑂𝐶𝐿,𝐶𝑂




          (13) 
where 𝑣𝐶𝑂 is the CO uptake rate (mmol/gDW/h), which serves as a bound in the FBA 
calculation; 𝑣𝑚𝑎𝑥,𝐶𝑂  is the maximum CO uptake rate (mmol/gDW/h); 𝐶𝐿,𝐶𝑂  is the 
dissolved CO concentration (mmol/L); 𝐾𝑚,𝐶𝑂 is the CO saturation constant (mmol/L); and 
𝐾𝐼 is the CO inhibition constant (mmol/L). C. autoethanogenum uptake of dissolved H2 




          (14) 
where 𝑣𝐻2 is the H2 uptake rate bound; 𝑣𝑚𝑎𝑥,𝐻2 is the maximum H2 uptake rate; 𝐶𝐿,𝐻2 
is the dissolved H2 concentration; and 𝐾𝐿,𝐻2  is the H2 saturation constant. A literature 
review [5, 100, 101] yielded the CO uptake parameters and estimated H2 uptake parameters 
listed in Table 2. 
Table 2.  Nominal parameters for the monoculture and coculture CSTBR models. 
Parameter Symbol Value Source 
Reactor size V 1 L Specified 
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Pressure PL 1.013e5 Pa Specified 
Temperature T 37 ℃ Specified 
Feed gas flow rate ?̇?𝑔 1 L/h Specified 
Volumetric gas-liquid mass transfer 
coefficient 
kLa 100 h
-1 [27, 29] 
CO mole fraction in feed gas yCO 70% [102] 
H2 mole fraction in feed gas yH2 0% [102] 
N2 mole fraction in feed gas yN2 30% [102] 
CO Henry’s law constant HCO 8e-4 mol/L/atm [63] 
H2 Henry’s law constant HH2 6.6e-4 mol/L/atm [63] 
Initial biomass concentration Xi 0.01 mmol/L Specified 
Maximum CO uptake rate vCO,m 50 mmol/gDW/h [5, 100, 101] 
CO saturation constant Km,CO 0.1 mmol/L [5, 100, 101] 
CO inhibition constant KI,CO 5 mmol/L [5, 100, 101] 
Maximum H2 uptake rate vH2,m 50 mmol/gDW/h Estimated 
H2 uptake saturation constant Km,H2 0.1 mmol/L Estimated 
Feed and initial glucose concentration CG,f 10 mmol/L Specified 
Feed and initial vinyl acetate 
concentration 
CVA,f 15 mmol/L Specified 
Feed and initial lactose concentration CLac,f 5 mmol/L Specified 
Maximum glucose, vinyl acetate and 
lactose uptake rates 
vG,m (vVA,m) 10 mmol/gDW/h [103] 
Glucose, vinyl acetate and lactose 
uptake saturation constants 
Km,G (Km,VA) 0.5 mmol/L [103] 
Maximum dissolved CO inhibition 
concentration 
[CO]max 0.8 mmol/L [94] 
Acetate, butyrate and ethanol 
maximum uptake rates 
vi,m 5 mmol/gDW/h [103] 
Acetate, butyrate and ethanol uptake 
saturation constants 
Km,i 0.5 mmol/L [103] 
 
2. C. autoethanogenum and C. kluyveri coculture model 
C. autoethanogenum metabolism was described by the genome-scale reconstruction 
iCLAU786 [37, 97] without modification. The genome-scale reconstruction iCKL708 
accounting for 708 genes, 804 metabolites and 994 intracellular and exchange reactions 
[95] was used to describe C. kluyveri metabolism. Our preliminary FBA calculations 
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predicted a very small C. kluyveri growth rate when acetate and ethanol were the sole 
carbon sources. The authors of the original paper suggested supplementation with vinyl 
acetate or crotonate to enhance growth; we used vinyl acetate as the secondary carbon 
source in our design (Figure 7a). Even with this additional carbon source, our FBA 
calculations predicted that hexanoate rather than butyrate would be the primary byproduct 
of C. kluyveri. Therefore, we applied the OptKnock algorithm [99] to the C. kluyveri 
genome-scale reconstruction to identify gene knockouts that would yield an engineered in 
silico strain with higher butyrate synthesis. 
C. autoethanogenum was assumed to have the same CO and H2 uptake kinetics as in 
monoculture (Equations 13 and 14), while C. kluyveri uptake kinetics for acetate, ethanol, 
vinyl acetate and butyrate were assumed to follow the Michaelis-Menten equation modified 







)         (15) 
where 𝑣𝑖 is the uptake rate bound of the 𝑖-th metabolite (acetate, ethanol, vinyl acetate 
and butyrate); 𝑣𝑚𝑎𝑥,𝑖 is the maximum uptake rate, 𝐶𝐿,𝑖 is the liquid-phase concentration; 
𝐾𝑚,𝑖 is the saturation constant; and [𝐶𝑂]𝑚𝑎𝑥 is the maximum dissolved CO concentration 
(mmol/L). Because C. kluyveri uptake parameters were not available in the literature, we 
assumed approximate values based on parameters reported for Escherichia coli [103]. 
3. C. autoethanogenum and E. rectale coculture model 
C. autoethanogenum metabolism was described by the genome-scale reconstruction 
iCLAU786 [37, 97] without modification, while the iEre400 reconstruction consisting of 
400 genes, 416 metabolites and 465 intracellular and exchange reactions [105] was used to 
model E. rectale metabolism. Our preliminary FBA calculations predicted that E. rectale 
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would not consume ethanol or butyrate and that growth on acetate as the sole carbon source 
was not possible. Therefore, a secondary carbon source was necessary to support E. rectale 
growth. While E. rectale is known to have versatile substrate utilization capabilities that 
include complex carbohydrates, the genome-scale metabolic reconstruction iEre400 used 
in this study did not allow the uptake of complex carbohydrates. Of the simple 
carbohydrates (glucose, fructose, lactose and maltose) included in the model, we selected 
glucose due to its prevalence as a fermentation substrate. Since E. rectale is a human gut 
bacterium, its toxicity to dissolved CO has not been studied. However, Eubacterium 
limosum is known to exhibit CO tolerance and has been proposed as a model organism for 
CO fermentation [84, 106]. Therefore, we assumed that E. rectale uptake of acetate and 
glucose would be inhibited by dissolved CO according to the same kinetics and parameter 
values as used for C. kluyveri (Equation 15) to allow an unbiased comparison of the two 
coculture designs.  
4. Continuous culture model formulation 
The monoculture and coculture system designs were compared for simulated anaerobic 
growth in a continuous stirred tank bioreactor (CSTBR; Figure 7b). The mass balance 
equation on the biomass of the 𝑖-th species was formulated as, 
𝑑𝑋𝑖
𝑑𝑡
= 𝜇𝑖𝑋𝑖 − 𝐷𝑋𝑖         (16) 
𝑋𝑖(0) = 𝑋𝑖,0 
where 𝑋𝑖 is the biomass concentration (g/L); 𝜇𝑖 is the specific growth rate (h
-1) obtained 
from solution of the flux balance problem; 𝐷 is the dilution rate (h-1); and 𝑋0 is the initial 





= 𝑣1,𝑗𝑋1 +  𝑣2,𝑗𝑋2 + 𝐷(𝐶𝑗,𝑓 −  𝐶𝑗)          (17) 
𝐶𝑗(0) = 𝐶𝑗,𝑓 
where 𝐶𝑗  is the concentration (mmol/L) of 𝑗 -th metabolite (glucose, vinyl acetate, 
butyrate and hexanoate); 𝑣𝑖,𝑗 is the specific production (positive) or uptake (negative) rate 
(mmol/gDW/h) of the 𝑗-th metabolite by the 𝑖-th species; 𝐷 is the dilution rate (h-1); and 
𝐶𝑗,𝑓 is the feed concentration of 𝑗-th metabolite. 
Mass balance equations on dissolved gas components had the form, 
𝑑𝐶𝐿,𝑚
𝑑𝑡
= 𝑣1,𝑚𝑋1 + 𝑣2,𝑚𝑋2 +  𝑘𝐿𝑎(𝐶𝑚
∗ − 𝐶𝐿,𝑚) − 𝐷𝐶𝐿,𝑚          (18) 
𝐶𝐿,𝑚(0) = 𝐶𝐿,𝑚,0 
where 𝐶𝐿,𝑚 is the dissolved concentration (mmol/L) of 𝑚-th gas component (CO and 
H2); 𝑣𝑖,𝑗 is the specific uptake rate of the 𝑗-th component by the 𝑖-th species; 𝑘𝐿𝑎 is the 
volumetric gas-liquid mass transfer coefficient, 𝐶𝑚
∗  is the saturation concentration (mmol/L) 
of the 𝑚-th component calculated from the gas phase concentration using Henry’s law at 
the specified temperature and pressure; and 𝐶𝐿,𝑚,0 is initial liquid-phase concentration of 






(𝐶𝑚,𝑓 −  𝐶𝑚)  −  𝑘𝐿𝑎(𝐶𝑚
∗ − 𝐶𝐿,𝑚)          (19) 
𝐶𝑚(0) = 𝐶𝑚,𝑓 
where 𝐶𝑚 is the gas-phase concentration (mmol/L) of the 𝑚-th gas component (CO and 
H2); ?̇?𝑔 is the feed gas volumetric flow rate (L/h);  𝑉 is the liquid volume (L); and 𝐶𝑚,𝑓 is 
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the feed concentration (mmol/L) of the 𝑚-th gas component. All the parameter values used 
in the CSTBR models are listed in the Table 2. 
The monoculture and coculture reactor models consisting of ordinary differential 
equations (ODEs) for extracellular culture dynamics and linear programs (LPs) for 
intracellular steady-state metabolism were solved within MATLAB using the code 
DFBAlab [65, 66] as shown in Figure 7c and detailed in our previous publications [2, 5, 
33, 35]. DFBAlab utilized lexicographic optimization to avoid the possibility of alternative 
optima in the LPs [65]. The primary objective was chosen as the usual growth rate 
maximization [107, 108], while the remaining objectives were specified according to 
assumed metabolic behavior of the three modeled species (Table S3). We found the 
directionality and ordering of these secondary objectives had a negligible effect on 
simulation results (Figure 7d) with the MATLAB code ode15s used for ODE solution and 
Gurobi used for LP solution. 
5. Bubble column model formulation 
Based on CSTBR simulations, we identified the C. autoethanogenum and E. rectale 
coculture system as the most promising design based on wild-type species. This coculture 
design was implemented in a bubble column reactor (Figure S19) to investigate in silico 
performance in a more realistic reactor configuration used for large-scale production [32]. 
Due to space limitations and the availability of our previous publications [2, 5, 33, 35] 
detailing the metabolic modeling framework for bubble column fermentation, the details 
of the coculture model are omitted here. Bubble column model parameters are provided in 
Table S4 for the interested reader. Moreover, all CSTBR and bubble column simulation 
41 
 
codes used in this study can be downloaded from our website 
(www.ecs.umass.edu/che/henson_group/downloads.html). 
C. Results and discussions 
1. Flux balance analysis of C. kluyveri and E. rectale metabolism 
FBA with a maximal growth objective was performed as a prelude to CSTBR 
simulations to characterize the growth and byproduct secretion properties C. kluyveri and 
E. rectale. The calculations were performed with the uptake rates of carbon sources set 
equal to the maximum values in Table 2. When grown on glucose as the sole carbon source, 
E. rectale was predicted to secrete butyrate and H2 at nearly equal rates (Table 3). The 
addition of acetate as another carbon source only increased the growth rate slightly (+4.4%) 
but dramatically shifted the byproduct secretion rates by increasing butyrate (+38%) and 
decreasing H2 (-76%). Considering that acetate is a two-carbon molecule while butyrate is 
a four-carbon molecule, these predictions show that 93% of supplied acetate was converted 
directly to butyrate. The model predicts utilization of the acetate-to-butyrate pathway 
because E. rectale is able to transfer acetate back into acetyl-CoA, which can produce ATP 
that favors growth, and further convert acetyl-CoA into butyrate [96]. 
Growth of C. kluyveri on vinyl acetate as the sole carbon source was predicted to 
generate butyrate as the only byproduct. The predicted growth rate of C. kluyveri was about 
four times less than that of E. rectale on glucose. The addition of acetate shifted the 
byproduct secretion pattern such that hexanoate was synthesized and the butyrate secretion 
rate decreased substantially (-23%).  A potential advantage of C. kluyveri for coculture 
system design was that ethanol secreted by the acetogen could be consumed. While the 
addition of ethanol as a third carbon source increase the growth rate (+55%), byproduct 
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secretion was further shifted towards hexanoate and the butyrate secretion rate was 
substantially reduced (-57%). Collectively, these predictions suggest that E. rectale could 
be preferred for coculture design due to its higher growth and butyrate secretion rates. 
Table 3. Flux balance analysis of E. rectale and C. kluyveri for different substrates. 
Bacterium 
Uptake rate (mmol/gDW/h) 
Growth 
rate (h-1) 
Production rate (mmol/gDW/h) 
Glucose 
(Vinyl acetate*) 
Acetate Ethanol Butyrate Hydrogen Hexanoate 
E. rectale -10 0 0 0.6389 6.1192 7.3591 - 
E. rectale -10 -5 0 0.6671 8.4480 1.8014 - 
C. kluyveri* -10 0 0 0.1425 9.0634 0 0 
C. kluyveri* -10 -5 0 0.1476 6.9405 0 3.0595 
C. kluyveri* -10 -5 -5 0.2295 3.0165 0 6.9835 
*Denotes that vinyl acetate was supplied instead of glucose 
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2. CSTBR performance of engineered C. autoethanogenum monoculture 
The C. autoethanogenum monoculture model was used to assess butyrate production 
capabilities in continuous culture. The steady-state growth rate was set by the dilution rate 
(𝐷) [109] and had a strong impact on butyrate volumetric productivity. Therefore, we 
performed CSTBR simulations over a range of 𝐷 values and presented results for three 
values that bracketed the optimal butyrate productivity to examine robustness of the design. 
Predicted responses demonstrated slow startup dynamics, with approximately 100-200 
hours required to approach steady state depending on 𝐷 (Figure 8). We found that reactor 
washout occurred at 𝐷 = 0.12 h-1. The intermediate dilution rate 𝐷 = 0.07 h-1 yielded the 
highest steady-state butyrate productivity due to the favorable tradeoff between the C. 
autoethanogenum biomass concentration and the specific butyrate synthesis rate. However, 
this 𝐷 value produced less CO consumption and a lower butyrate titer than rate than 𝐷 = 
0.05 h-1. Approximately 50% of supplied CO was consumed at the optimal 𝐷 value, 
Figure 8. Effect of the dilution rate on CSTBR performance of the engineered C. autoethanogenum 
monoculture. (a) Dynamic response of the C. autoethanogenum biomass concentration; (b) dynamic 
response of the gas-phase CO concentration; (c) dynamic response of the acetate concentration; (d) 
dynamic response of the butyrate concentration; (e) dynamic response of the butyrate volumetric 
productivity; (f) steady-state acetate and butyrate secretion rates. 
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suggesting that performance was limited by gas-liquid mass transfer of the CSTBR. The 
highest dilution rate 𝐷 = 0.09 h-1 yielded the worst performance due to inadequate biomass 
formation. All three 𝐷 values were predicted to generate low acetate concentrations due to 
low secretions rates of the engineered strain. We used this monoculture system as a base 
case to quantify the relative performance of the coculture designs discussed below. 
3. CSTBR performance of C. autoethanogenum and C. kluyveri coculture 
Having established that system designs based on C. autoethanogenum were expected to 
exhibit slow dynamics, we focused on steady-state performance of the candidate coculture 
designs. The highest butyrate productivity for the C. autoethanogenum-C. kluyveri system 
was predicted at 𝐷 = 0.10 h-1 as smaller 𝐷 values yielded relatively low specific butyrate 
synthesis while higher 𝐷 values generated inadequate biomass formation (Figure S10). 
Despite the addition of vinyl acetate as a secondary carbon source, the coculture generated 
a slightly lower butyrate productivity (0.06 g/L/h) than the engineered C. autoethanogenum 
monoculture (0.07 g/L/h) due to the synthesis of unutilized acetate and the undesired 
byproduct hexanoate. Our simulation results are difficult to compare directly to data from 
the original study [94] due to the experimental use of rich media containing yeast extract 
rather than minimal media and anaerobic bottles rather than CSTBRs. However, it is 
interesting to note that experiments predicted final acetate, hexanoate and butyrate 
concentrations of 15 mmol/L, 2 mmol/L and 15 mmol/L while our CSTBR simulation at 
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𝐷 = 0.1 h-1 predicted the concentrations at steady state to be 15 mmol/L, 5 mmol/L and 8 
mmol/L, respectively.  
We explored the possibility of increasing butyrate production of the coculture system 
through in silico engineering of the C. kluyveri genome-scale reconstruction. OptKnock 
[99] predicted that removal of the reaction catalyzed by trans-2-enoyl-CoA reductase 
would completely eliminate hexanoate synthesis while simultaneously increasing butyrate 
secretion. C. kluyveri uses this enzyme to produce hexanoyl-CoA which is used along with 
butanoic acid to synthesize hexanoate. When combined with C. autoethanogenum in a 
simulated CSTBR, the engineered C. kluyveri strain resulted in a large increase in butyrate 
productivity from 0.07 g/L/h obtained with the wild-type strain to 0.11 g/L/h (Figure 9). 
The optimal dilution rate remained 𝐷 = 0.10 h-1. Increased butyrate production was 
predicted to result from elimination of hexanoate synthesis rather than more effective 
Figure 9. Effect of the dilution rate on steady-state CSTBR performance of the coculture system 
consisting of C. autoethanogenum and engineered C. kluyveri. (a) C. autoethanogenum and C. kluyveri 
biomass concentrations; (b) amount of consumed CO and vinyl acetate; (c) acetate and hexanoate 
concentrations; (d) acetate secretion rate for C. autoethanogenum and uptake rate for C. kluyveri; (e) 
ethanol secretion rate for C. autoethanogenum and uptake rate for C. kluyveri; (f) butyrate concentration 




utilization of available carbon, as the residual acetate concentration increased due to 
reduced acetate uptake by the engineered strain. Because genetic engineering tools for C. 
autoethanogenum are under development [3, 4], the feasibility of realizing the mutant 
strain and the resulting strain performance would need to be evaluated experimentally.  
4. CSTBR performance of C. autoethanogenum and E. rectale coculture 
Our FBA calculations indicated that E. rectale may offer advantages to wild-type C. 
kluyveri for coculture system design to its higher growth rates and superior acetate-to-
butyrate conversion capabilities. This hypothesis was investigated by performing CSTBR 
simulations for the C. autoethanogenum-E. rectale system with glucose used as the 
secondary carbon source. This coculture allowed the use of higher dilution rates, with 
washout value predicted to be 𝐷 = 0.19 h-1. The optimal value 𝐷 = 0.12 h-1 produced a  
butyrate productivity of 0.11 g/L/h (Figure 10), which was substantially higher than that 
achieved in engineered C. autoethanogenum monoculture (0.07 g/L/h) and cocultures 
containing wild-type C. kluyveri (0.07 g/L/h) and equal to that achieved in cocultures with 
engineered C. kluyveri. Residual acetate was reduced to 2 mmol/L due to relatively high 
biomass concentration and specific acetate uptake of E. rectale, demonstrating more 
efficient carbon utilization than predicted with C. kluyveri even though slightly less CO 
was consumed by C. autoethanogenum due to the higher dilution rate. On the other hand, 
E. rectale could not consume the small amount of ethanol secreted by C. autoethanogenum. 
The two species engaged in H2 crossfeeding at the highest 𝐷 value, which enhanced C. 
autoethanogenum growth and allowed coexistence at a higher dilution rate than possible 
with the monoculture system and the other coculture design. Due to its predicted ability to 
achieve relatively high butyrate productivity due to the native metabolic capabilities of the 
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wild-type species and avoid the complications of metabolic engineering, the C. 
autoethanogenum-E. rectale coculture was deemed the superior design and subjected to 
additional investigation.    
To examine system performance with respect to feed gas composition, CSTBR 
simulations where performed for CO/H2/N2 compositions ranging from 70/0/30 (base case) 
to 40/30/30. The addition of H2 to the feed gas was predicted to increase C. 
autoethanogenum biomass formation but shifted byproduct secretion towards ethanol 
rather than acetate (Figure 11), consistent with experimental studies [94]. Despite these 
variations, the predicted performance of E. rectale was highly consistent with its biomass 
concentration and specific acetate uptake remaining effectively constant across feed 
compositions because the reduction in specific acetate secretion was balanced by increased 
C. autoethanogenum biomass. As a result, butyrate productivity and titer also were constant 
Figure 10. Effect of the dilution rate on steady-state CSTBR performance of the C. autoethanogenum-
E. rectale coculture system. (a) C. autoethanogenum and E. rectale biomass concentrations; (b) amount 
of consumed CO and glucose; (c) acetate and ethanol concentrations; (d) acetate secretion rate for C. 
autoethanogenum and uptake rate for E. rectale; (e) H2 uptake rate for C. autoethanogenum and 




while acetate levels varied slightly but remained low. CO consumption by C. 
autoethanogenum was affected only at the highest feed H2 composition but remained less 
than 50% of available CO, suggesting the need for an alternative reaction configuration 
with higher gas-liquid mass transfer capabilities. These CSTBR simulation results 
suggested that the proposed coculture design was robust to feed composition but that the 
addition of H2 would not offer benefits for butyrate production.  
Gas feeds containing H2 were predicted to result in ethanol accumulation that 
represented lost carbon from the perspective of butyrate production. In effort to reduce 
ethanol formation, we replaced C. autoethanogenum with the acetogen Clostridium 
ljungdahlii known to favor acetate as a byproduct [14]. Preliminary FBA calculations with 
the genome-scale metabolic reconstruction iHN637 [34] demonstrated the ability of C. 
Figure 11. Effect of gas feed composition (CO/H2/N2) on steady-state CSTBR performance of the C. 
autoethanogenum-E. rectale coculture system. (a) C. autoethanogenum and E. rectale biomass 
concentrations; (b) amount of consumed CO and glucose; (c) acetate and ethanol concentrations; (d) 
acetate secretion rate for C. autoethanogenum and uptake rate for E. rectale; (e) H2 uptake rate for C. 




ljungdahlii to compete with E. rectale for glucose. To avoid substrate competition, 10 
mmol/L glucose was replaced with 5 mmol/L lactose as a secondary carbon source for E. 
rectale. This second design alternative was predicted to yield the same butyrate 
productivity as the C. autoethanogenum-E. rectale system when grown in a CSTBR at the 
nominal CO/H2/N2 feed composition of 70/0/30 (Figure S11) and required the most 
expensive substrate lactose. A third design alternative in which the glucose uptake ability 
of C. ljungdahlii was eliminated and glucose was supplied as the secondary carbon source 
produced a slight decrease in butyrate productivity at the nominal feed gas composition 
(Figure S12). However, this alternative offered some promise for H2-containing feeds as a 
butyrate productivity of 0.16 g/L/h was predicted for a 40/30/30 composition (Figure S13). 
Analogous CSTBR simulations were performed by combining wild-type C. ljungdahlii 
with wild-type and engineered C. kluyveri using vinyl acetate as the secondary carbon 
source. The wild-type coculture design failed to generate a butyrate productivity above 
0.09 g/L/h (Figures S14 and S15), while the design with engineered C. kluyveri was more 
promising (Figure S16) and achieved a butyrate productivity of 0.22 g/L/h for a CO/H2/N2 
feed composition of 40/30/30 (Figure S17). A comparison of the butyrate productivities 
predicted for all four wild-type designs considered in this study shows that the C. 
autoethanogenum-E. rectale system offered the best performance over a range of feed gas 
compositions if the design with lactose as the secondary carbon source was eliminated from 
consideration (Figure S18a). Of the four designs involving an engineered Clostridium, the 
combination of C. autoethanogenum and engineered C. kluyveri was predicted to yield the 
best performance (Figure S18b). Given our goal of combining the native metabolic 
capabilities of wild-type strains and the uncertainty associated with the feasibility of the 
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proposed genetic modifications, only the best performing wild-type system design (C. 
autoethanogenum-E. rectale) was considered for future investigation. 
5. Bubble column reactor performance of C. autoethanogenum and E. rectale 
coculture 
CSTBRs are rarely used for large-scale gas fermentation due to the prohibitive agitation 
costs required to achieve adequate gas-liquid mass transfer [110]. Bubble column reactors 
with countercurrent flow and liquid recycle (Figure S19) are used industrially to achieve 
high gas-liquid mass transfer rates with only liquid pumping costs [5, 111]. To evaluate the 
performance of the C. autoethanogenum-E. rectale coculture design for large-scale 
production, we developed a bubble column model with simplified hydrodynamics 
following our previously developed framework for monoculture systems [5]. The 
simulated reactor had a length of 5 m, total volume of 15 m3, CO/H2/N2 feed composition 
of 70/0/30, feed superficial gas velocity of 150 m/h, glucose feed concentration of 200 
mmol/L to sustain E. rectale growth and feed superficial liquid velocity of 50 m/h (Table 
S4). The gas-liquid mass transfer rate 𝑘𝐿𝑎 was calculated from the gas bubble interfacial 
area 𝑎, which varied with axial position in the column. When averaged across the column, 
the reactor 𝑘𝐿𝑎 = 280 h
-1 which has much larger than the constant value reactor 𝑘𝐿𝑎 =
 100 h-1 used in CSTBR simulations. The interested reader should consult our previous  
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publication for details about model formulation and solution [5].  
The effects of reactor length on coculture system performance were investigated as this 
reactor design parameter has been shown to be important in our previous monoculture 
modeling studies [5]. To allow meaningful comparisons when the length was changed from 
the nominal value 𝐿 = 5 m, the cross-sectional area was varied such that the reactors had 
the same height-to-diameter ratio and the feed gas volumetric flow rate also was scaled to 
maintain the same gas supply per unit volume of reactor. Simulations revealed a complex 
set of tradeoffs, with butyrate titer maximized for 𝐿 = 2.5 m, butyrate mass production 
maximized for 𝐿 = 5 m, and E. rectale washed out for 𝐿 = 10 m (Figure 12). The shortest 
column was predicted to generate low C. autoethanogenum biomass due to insufficient CO 
retention time but high E. rectale biomass due to reduced CO inhibition attributed to the 
Figure 12. Effect of bubble column reactor length on steady-state performance of the C. 
autoethanogenum-E. rectale coculture system. (a) C. autoethanogenum and E. rectale biomass 
concentrations exiting the column; (b) gas-phase CO concentration as a function of column position; 
(c) acetate and ethanol concentrations exiting the column; (d) acetate secretion rates for C. 
autoethanogenum and uptake rates for E. rectale; (e) E. rectale growth rates as a function of column 





lower hydrodynamic pressure and dissolved CO concentration at the bottom of the column. 
As a result, all residual acetate was consumed, and butyrate titer was high but both CO 
utilization and butyrate production were low. The longest column generated high dissolved 
CO concentrations which strongly inhibited E. rectale growth across most of the column, 
leading to E. rectale washout. The column of intermediate length offered the most 
favorable tradeoff between the CO retention time and inhibition effects.  
Based on these results, we simulated a reactor with 𝐿 = 5 m to investigate the effects of 
feed gas composition on coculture system performance. Unlike predicted behavior in 
CSTBR, the bubble column model predicted that a CO/H2/N2 feed composition of 40/30/30 
would generate the highest butyrate mass flow and titer due to reduced CO inhibition across 
the column (Figure 13). In this case, E. rectale growth was almost constant across the 
column leading to the increased E. rectale biomass while the presence of H2 allowed 
enhanced C. autoethanogenum growth and biomass formation. The two species engaged 
in substantial acetate crossfeeding such that no residual acetate was present. Disadvantages 
of this feed composition were the production of ethanol as a significant byproduct due to 
H2 availability and the consumption of only about 35% of supplied CO because of 
relatively low dissolved CO concentrations. When the CO content of the feed was 
increased, E. rectale growth inhibition became dominant and overall system performance 
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degraded with respect to both butyrate production and titer due to insufficient E. rectale 
biomass formation.  
For sake of comparison, a monoculture of E. rectale growing solely on glucose was 
simulated using a CO/H2/N2 feed composition of 0/0/100. While the predicted E. rectale 
biomass concentration was only slightly less than that obtained with a gas mixture of 
40/30/30, the two cases had strikingly different butyrate productivities and titers. The 
butyrate productivity obtained with pure N2 feed was predicted to be 1.2 g/L/h while that 
obtained with the gas mixture was 2.1  g/L/h, which clearly demonstrated the benefit of 
acetate-to-butyrate conversion in the coculture system. These results were consistent with 
FBA predictions that E. rectale acetate uptake only enhanced growth rate slightly but 
substantially increased butyrate synthesis. We calculated glucose-to-butyrate conversion 
to be 18% and CO-to-butyrate conversion to be 56% based on the amounts of glucose and 
Figure 13. Effect of gas feed composition (CO/H2/N2) on steady-state bubble column performance of 
the C. autoethanogenum-E. rectale coculture system. (a) C. autoethanogenum and E. rectale biomass 
concentrations exiting the column; (b) gas-phase CO concentration as a function of column position; 
(c) acetate and ethanol concentrations exiting the column; (d) acetate secretion rates for C. 
autoethanogenum and uptake rates for E. rectale; (e) E. rectale growth rates as a function of column 




CO actually consumed. Because essentially all supplied glucose was consumed and only 
about 35% of supplied CO was utilized, further design optimization would depend on 
increasing CO utilization while managing E. rectale inhibition by dissolved CO. Although 
direct comparison of bubble column and CSTBR results were difficult, the two reactor 
designs could be evaluated according to their CO-to-butyrate conversion efficiencies of 56% 
for the bubble column reactor and 22% for the CSTBR. The improved performance 
predicted for the bubble column was due to different volumetric mass transfer coefficients 
for the two reactor types along with different concentrations of C. auto and E. rectale. 
These predictions supported the use of bubble column reactors for CO-rich waste gas 
streams containing sufficiently high levels of H2. 
D. Conclusions 
We performed an in silico investigation of several coculture systems for conversion of 
CO-rich waste gases to the platform chemical butyrate in anaerobic continuous stirred tank 
bioreactors (CSTBRs). A monoculture system based on in silico engineering of the 
acetogen Clostridium autoethanogenum for butyrate synthesis was used as a basis for 
comparison. In addition to the difficulties in effectively engineering Clostridium strains [3, 
4], the monoculture system was predicted to yield the lowest butyrate productivity of all 
designs involving engineered strains. The combination of C. autoethanogenum for CO-to-
acetate conversion with the environmental bacterium Clostridium kluyveri for acetate-to-
butyrate conversion was predicted to yield relatively poor performance despite providing 
vinyl acetate as a secondary carbon source unless hexanoate production by C. kluyveri was 
eliminated through in silico metabolic engineering. An alternative coculture design based 
on combining C. autoethanogenum and the gut bacterium Eubacterium rectale with 
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glucose as a secondary carbon source was predicted to provide superior performance 
without the need for strain engineering due to the high growth rates and acetate-to-butyrate 
conversion efficiency of E. rectale. An interesting design not explored in this study is a 
three-species system comprised of C. autoethanogenum for CO conversion to acetate and 
ethanol, E. rectale for acetate-to-butyrate conversion and engineered C. kluyveri for 
ethanol-to-butyrate conversion. 
The feasibility of large-scale butyrate production with this wild-type coculture design 
was demonstrated through implementation in a simulated bubble column reactor, which 
predicted enhanced CO-to-butyrate conversion efficiency for CO-rich feeds containing 
sufficiently high levels of H2. Coculture performance was predicted to be limited through 
incomplete CO utilization by C. autoethanogenum and CO inhibition of E. rectale growth, 
suggesting that further optimization of bubble column design and operating parameters was 
possible. Overall, this study demonstrated that metabolic modeling could provide useful 
insights into coculture performance that can guide future experimental studies required to 
validate the model predictions. We intend to pursue future experimental studied aimed at 
testing the model predictions and providing data for model improvement, especially with 
respect to E. rectale growth inhibition by CO.  
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IV. METABOLIC MODELING PREDICTS EFFICIENT ACETOGEN-GUT 
BACTERIUM COCULTURES FOR CO-TO-BUTYRATE CONVERSION 
This chapter has been submitted for revision. 
A. Introduction 
Gas fermentation offers the potential to upgrade cheap waste gases (mainly CO, CO2, 
H2 and CH4) [112] and synthesis gases (mainly CO and H2) [10] into renewable liquid fuels 
and chemicals [12]. As compared to traditional catalyst technologies, microbial systems 
have several advantages including operation near ambient temperature and pressure, high 
conversion efficiencies, robustness to gas impurities and high product yields [72, 113] that 
have motivated both fundamental research [32] and commercial development [114, 115]. 
The most widely studied gas fermenting bacteria are the acetogens Clostridium ljungdahlii 
and Clostridium autoethanogenum, which synthesize acetate and ethanol as their primarily 
metabolic products [2, 14-16, 33, 35, 37, 69, 116]. Other acetogens including 
Acetobacterium woodii [117], Butyribacterium methylotrophicum [118], Clostridium 
aceticum [119], Clostridium carboxidivorans [120] and Eubacterium limosum [121] have 
been investigated for syngas fermentation.  
Butyric acid and its conjugate base butyrate have wide applications in the chemical, 
cosmetic, food, pharmaceutical and plastic industries [76-80]. The global market for 
butyrate was calculated to be USD 120.0 million in 2014 and is projected to reach USD 
329.9 million by 2022 [81, 122]. Current commercial technology for large-scale butyrate 
production involves oxidation of butyraldehyde, which is obtained from propylene by 
oxosynthesis [123]. Microbial systems offer a renewable alternative to this petroleum-
based process through conversion of CO-rich gas feedstocks [1, 5, 77, 83], which are 
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cheaply available in large volumes from the steel manufacturing, oil refining and chemical 
processes industries [11]. However, most wild-type acetogen strains do not produce 
butyrate as a native product [31], and butyrate-producing acetogens such as B. 
methylotrophicum [124], C. carboxidivorans [125] and E. limosum [84, 126] are only 
capable of limited synthesis. While bacteria that efficiently convert simple sugars to 
butyrate has been developed [76], metabolically engineering efforts have failed to produce 
an efficient strain for CO-to-butyrate production [87]. 
Butyrate is an important metabolic byproduct of the human gut microbiota that is used 
as an energy source by colonic epithelial cells [127-129]. While butyrate synthesis is 
performed by a highly diverse set of anaerobic gut bacteria [130], these species did not 
evolve to utilize CO as a carbon source and few metabolic engineering tools are available 
to expand their substrate range. However, species contained in genera such as Clostridium, 
Coprococcus, Eubacterium, Faecalibacterium, Roseburia and Subdoligranulum are 
capable of converting acetate and/or ethanol directly into butyrate [131]. This novel 
capability opens the possibility of utilizing acetate and ethanol as crossfed metabolites 
between acetogens and gut bacteria to achieve CO-to-butyrate conversion. Our previous 
publication [1] provided an extensive comparison of cocultures comprised of the acetogens 
C. ljungdahlii and C. autoethanogenum and the butyrate-producers Clostridium kluyveri 
and Eubacterium rectale. We demonstrate several disadvantages of the C. kluyveri-
containing cocultures including their tendency to co-synthesize hexanoate and reassimilate 
butyrate. While the synthetic coculture concept [132] has been explored in silico by our 
research group and in vitro by other researchers [94, 133], more comprehensive studies 
that exploit the diversity of butyrate-producing gut bacteria are needed. 
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In this study, we utilize in silico metabolic modeling to computationally design 
acetogen-gut bacterium coculture systems for conversion of CO-rich feedstocks to butyrate. 
Our canonical design consisted of an acetogen that converted CO/H2 gas mixtures into 
acetate and/or ethanol, a gut bacterium that converted acetate and/or ethanol along with a 
growth-promoting sugar into butyrate and possibly H2, which could be crossfed to enhance 
acetogen growth. Therefore, acetate, ethanol and H2 served as possible crossfed 
metabolites. Starting with genome-scale metabolic reconstructions of four acetogens, 818 
gut bacteria [134] and 10 sugars, we developed a computational procedure based on flux 
balance analysis to efficiently screen the 32,720 possible combinations for their butyrate 
synthesis capabilities. Dynamic flux balance analysis was applied to the 170 most 
promising cocultures systems to quantify their CO-to-butyrate conversion performance in 
simulated continuous stirred tank bioreactors (CSTBRs). We believe that our study 
represents an important contribution towards the development of microbial platforms for 
gas fermentation.  
Our coculture screening procedure was based on simulated CSTBRs, while commercial 
gas fermentation is typically performed with more sophisticated technologies such as 
trickle-bed reactors, bubble column reactors and microbubble reactors [31, 32, 113]. While 
we have developed a spatiotemporal metabolic modeling framework for bubble column 
simulation [2, 5], these models are considerably more complex due to their spatial 
variations and are not well suited for the type of large-scale screening studies pursued here. 
Therefore, we limited our investigations to CSTBRs due to their superior computational 
efficiency and identified several coculture designs that could be the focus of future 
modeling and experimental investigations. While the base case used for our coculture 
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designs was a H2-free, CO-containing feed gas stream, we also investigated H2-containing, 
syngas-like gas feedstocks to demonstrate that the proposed designs are applicable to a 
wide range of CO-containing gas streams. 
B. Materials and methods 
1. Acetogen models 
Coculture system designs were based on genome-scale metabolic reconstructions of 
four anaerobic acetogens: C. ljungdahlii, C. autoethanogenum, E. limosum and Blautia 
producta [16, 37, 121, 135]. C. ljungdahlii metabolism was characterized by the 
reconstruction iHN637, which accounts for 637 genes, 698 metabolites, 690 intracellular 
reactions and 95 exchange reactions [34]. After we initiated this research, an updated C. 
ljungdahlii reconstruction iJL965-ME was published [136]. C. autoethanogenum 
metabolism was described by the reconstruction iCLAU786 which accounts for 786 
annotated genes, 1,095 intracellular metabolites, and 1,108 intracellular and exchange 
reactions [37, 97]. Both these reconstructions were manually curated by other researchers 
and were used in this study without modification.   
Eubacterium limosum KIST612 and Blautia producta DSM 2950 are commensal gut 
bacterial strains with AGORA reconstructions available in the VHM database. While both 
species can utilize CO as a carbon source and produce acetate as a byproduct [114, 121, 
137], the AGORA reconstructions did not have complete Wood-Ljungdahl pathways for 
CO metabolism. Therefore, the western branch (CO sub-branch) of the Wood–Ljungdahl 
pathway [98] was completed in each model (Table S5) to produce the reconstructions used 
for coculture design. The expanded B. producta and E. limosum models accounted for 1024 
genes, 1093 metabolites, 1107 intracellular reactions and 134 exchange reactions and 886 
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genes, 1165 metabolites, 1188 intracellular reactions and 155 exchange reactions, 
respectively. Flux balance analysis (FBA) predicted that the expanded B. producta and E. 
limosum models had growth rates of 0.024 h-1 and 0.042 h-1, respectively, for a CO uptake 
rate of 50 mmol/gDW/h. 
2. Screening gut bacteria models for coculture system design 
The Virtual Metabolic Human database [138] contained semi-curated genome-scale 
metabolic reconstructions for 818 gut bacterial strains spanning 663 unique species and 
215 genera. These AGORA (assembly of gut organisms through reconstruction and 
analysis) models [134] were downloaded and computationally screened for their ability to 
convert acetate and ethanol into butyrate (Figure 14). Each model lacking a butyrate 
exchange reaction was eliminated under the assumption that the associated strain was 
unable to synthesize butyrate. To achieve competitive growth with the acetogen in mixed 
Figure 14. Flow diagram summarizing the computational methodology for screening 818 candidate gut 
bacteria for their acetate/ethanol-to-butyrate conversion capabilities to identify 170 acetogen-gut 
bacterium coculture systems for dynamic simulation. 
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culture, each butyrate-synthesizing bacterium was supplied with a secondary carbon source 
selected from a list of 11 common monosaccharides and disaccharides: cellobiose, fructose, 
fucose, galactose, glucose, mannose,  maltose, ribose, sucrose, trehalose, and xylose. While 
not explored in this study, a goal of bioprocess optimization would be to minimize sugar 
feeding while maintaining high butyrate levels.  
The next step involved performing flux balance analysis (FBA) [139] on each butyrate-
synthesizing bacterium to quantify how supplied acetate and ethanol would affect the 
growth rate and butyrate synthesis rate (Figure 14). To this end, a novel algorithm was 
developed to identify minimal medium components for each combination of butyrate-
synthesizing bacterium and consumed sugar. In addition to enabling in silico growth of the 
diverse gut bacteria [140], the determination of minimal media would be critical for large-
scale production since media components such as essential amino acids often constitute a 
major process cost [141]. While the nutritional requirements of AGORA strains have been 
tabulated (Table S7 adapted from [134]), this information was based on available 
experimental results and was not sufficient to achieve in silico growth of most butyrate-
synthesizing strain models. Therefore, this list was expanded to include 79 additional 
compounds along with 19 common ions and metals (Table S8) present in in silico Western 
or high-fiber diets [134, 142]. The minimal media requirements for each model/sugar 
combination was established as follows. The starting media contained all common ions and 
metals with uptake rate bounds of 1000 mmol/gDW/h, the sugar with an uptake rate bound 
of 10 mmol/gDW/h, and all strain-specific compounds in Table S7 with uptake rate bounds 
of 0.1 mmol/gDW/h. If the initial growth rate > 0.01 h-1, then media components were 
eliminated one at a time until FBA indicated that all remaining components were required 
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for the growth rate > 0.01 h-1. If the initial growth rate < 0.01 h-1, then media components 
in Table S8 were added one at a time according to the exchange reactions of the model 
until growth rate > 0.01 h-1. Then media components were eliminated one at a time until 
FBA indicated that all remaining components were required for the growth rate > 0.01 h-1. 
Having established minimal media requirements for each gut bacterium/sugar 
combination of interest, the next step was to ensure that each bacterium would uptake 
supplied acetate and/or ethanol and that consumed acetate/ethanol would result in enhanced 
butyrate production. This step was required to eliminate the possibility that the bacterium 
primarily metabolized the supplied sugar or essential amino acids such that acetate/ethanol 
crossfeeding would have minimal benefit. For this purpose, FBA was performed for each 
butyrate-producing bacterium using its minimal media identified for a particular sugar 
augmented with acetate and ethanol each having uptake rate bounds of 5 mmol/gDW/h. 
Each bacterium/sugar combination was simulated three times with media containing only 
acetate, only ethanol, and both acetate and ethanol to provide subsequent matching with 
the acetogen byproducts. If the supplied amounts of sugar, acetate and ethanol were at least 
50% consumed (sugar uptake rate < -5 mmol/gDW/h; acetate and/or ethanol uptake rates 
< -2.5 mmol/gDW/h) and acetate and/or ethanol uptake resulted in an increase in growth 
rate and/or butyrate secretion rate, then the simulated combination was carried forward. If 
this requirement was not satisfied for any sugar or byproduct combination, then the 
bacterium was eliminated from further consideration.  
The final step involved matching the acetate/ethanol-to-butyrate converting bacteria 
emerging from the previous step with the four acetogens. For every combination of 
acetogen and butyrate-synthesizing bacterium, all sugars that could be consumed by the 
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gut bacterium (e.g. the model contained exchange reactions for these sugars) but not 
consumed by the acetogen (e.g. the model lacked exchange reactions for these sugars) were 
initially identified as allowable sugars for that species pairing. Based on an experimental 
study showing that C. ljungdahlii exhibited very low galactose uptake rates [143], we 
performed FBA with the C. ljungdahlii reconstruction and found that galactose was not 
consumed. Therefore, galactose was added as an allowable sugar for C. ljungdahlii 
cocultures. Moreover, mannose was removed as an allowable sugar for C. ljungdahlii 
cocultures because the model would consume mannose and grow on it. By contrast, the 
sugar exchange fluxes present in the C. autoethanogenum reconstruction were consistent 
with available experiments [61]. If the acetogen also produced the necessary crossfed 
metabolite(s) for butyrate conversion by the gut bacterium, then the combination of 
acetogen/gut bacterium/sugar was established as a coculture system design for further 
evaluation.  If no such sugar was found, then the species combination was eliminated from 
further consideration. Because all four acetogens were capable of fructose uptake, this 
sugar was eliminated from all other analyses. The final coculture designs emerging from 
this screening procedure consisted of an acetogen that would produce the matched 
byproducts (acetate, ethanol, acetate/ethanol) but not consume the supplied sugar and a gut 
bacterium that would consume the supplied sugar and convert the matched byproducts to 
butyrate (Figure 14). 
3. Coculture model formulation 
Following the DFBA approach [66], each coculture model combined genome-scale 
metabolic reconstructions of the paired acetogen and gut bacterium, uptake kinetics for 
supplied nutrients and crossfed byproducts, and gas-phase and liquid-phase mass balance 
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equations. Michaelis-Menten type uptake kinetics were specified for consumption of 
dissolved gas components (CO, CO2, H2) and supplied amino acids by the acetogen and 
consumption of supplied sugar, supplied amino acids and crossfed byproducts (acetate, 
ethanol) by the gut bacterium. Dissolved CO uptake followed a modified Michaelis-
Menten equation that accounted for CO inhibition, which experimental studies have shown 
is important at high dissolved CO levels [104], 
𝑣𝐶𝑂 = −
𝑣𝑚𝑎𝑥,𝐶𝑂𝐶𝐿,𝐶𝑂




          (20) 
where 𝑣𝐶𝑂 is the CO uptake rate (mmol/gDW/h), which serves as a bound in the FBA 
calculation; 𝑣𝑚𝑎𝑥,𝐶𝑂  is the maximum CO uptake rate (mmol/gDW/h); 𝐶𝐿,𝐶𝑂  is the 
dissolved CO concentration (mmol/L); 𝐾𝑚,𝐶𝑂 is the CO saturation constant (mmol/L); and 
𝐾𝐼,𝐶𝑂  is the CO inhibition constant (mmol/L). While this uptake equation captured the 
inhibitory effect of dissolved CO on acetogen growth [144], CO inhibition effects can be 
more complex and includes the targeting of hydrogenase enzymes that impact electron flow 
[145]. Because enzyme inhibition effects were difficult to include in a flux balance model 
lacking the requisite enzyme kinetics, we focused on the growth suppression effect of CO 
noting that this simplification would equally apply to all coculture designs. 




          (21) 
where 𝑣𝐻2 is the H2 uptake rate bound; 𝑣𝑚𝑎𝑥,𝐻2 is the maximum H2 uptake rate; 𝐶𝐿,𝐻2 
is the dissolved H2 concentration; and 𝐾𝐿,𝐻2 is the H2 saturation constant. Possible uptake 
of amino acids contained in the minimal media by the acetogen also followed Michaelis-
65 
 




          (22) 
where 𝑣𝐴𝐴 is the amino acid uptake rate bound; 𝑣𝑚𝑎𝑥,𝐴𝐴 is the maximum amino acid 
uptake rate; 𝐶𝐿,𝐴𝐴 is the amino acid concentration; and 𝐾𝐿,𝐴𝐴 is the amino acid saturation 
constant. Some coculture experimental studies have reported acetogen conversion of 
butyrate to the alcohol butanol [94, 146]. We did not include this metabolic feature in our 
coculture models because butyrate-to-butanol conversion is typically limited to 10-30% of 
secreted butyrate and is highly pH sensitive [146], the C. ljungdahlii genome-scale 
reconstruction contained a butyrate exchange flux but was not predicted to uptake butyrate 
when FBA was performed, the C. autoethanogenum reconstruction lacked a butyrate 
exchange flux, and this model simplification would tend to affect all model predictions 
equally and would not change the predicted trends with respect to coculture performance. 
Sugar, amino acid, acetate and ethanol uptakes by the gut bacterium were assumed to 
follow Michaelis-Menten kinetics modified to account for growth inhibition [104] 










)         (23) 
where 𝑣𝑖  is the uptake rate bound of the 𝑖-th metabolite (sugar, amino acid, acetate, 
ethanol); 𝑣𝑚𝑎𝑥,𝑖 is the maximum uptake rate, 𝐶𝐿,𝑖 is the liquid-phase concentration; 𝐾𝑚,𝑖 is 
the saturation constant; 𝐶𝐿,𝐶𝑂 is the dissolved CO concentration (mmol/L); [𝐶𝐿,𝐶𝑂]𝑚𝑎𝑥 is 
the maximum dissolved  concentration (mmol/L); 𝐶𝐿,𝐴  is the acetate concentration 
(mmol/L); and [𝐶𝐿,𝐴]𝑚𝑎𝑥 is the maximum acetate concentration (mmol/L). 
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Candidate coculture systems were simulated for anaerobic growth in a continuous 
stirred tank bioreactor. A mass balance equation on the 𝑖-th species was formulated as, 
𝑑𝑋𝑖
𝑑𝑡
= 𝜇𝑖𝑋𝑖 − 𝐷𝑋𝑖         (24) 
𝑋𝑖(0) = 𝑋𝑖,0 
where 𝑋𝑖 is the biomass concentration (g/L); 𝜇𝑖 is the specific growth rate (h
-1) obtained 
from solution of the FBA problem; 𝐷 is the dilution rate (h-1); and 𝑋0 is the initial biomass 
concentration. Mass balances on liquid-phase metabolites had the form, 
𝑑𝐶𝑗
𝑑𝑡
= 𝑣1,𝑗𝑋1 +  𝑣2,𝑗𝑋2 + 𝐷(𝐶𝑗,𝑓 −  𝐶𝑗)          (25) 
𝐶𝑗(0) = 𝐶𝑗,𝑓 
where 𝐶𝑗 is the concentration (mmol/L) of 𝑗-th metabolite (sugar, amino acids, acetate, 
ethanol, butyrate); 𝑣𝑖,𝑗  is the specific production (positive) or uptake (negative) rate 
(mmol/gDW/h) of the 𝑗-th metabolite by the 𝑖-th species; and 𝐶𝑗,𝑓 is the feed concentration 
of 𝑗-th metabolite. To allow fair comparison across different dilution rate, the feeding rates 
of sugar and amino acids were specified as 𝐷𝐶𝑗,𝑓 and had units of mmol/L/h. The sugar 
feeding rate was held constant on a C6 basis, while the total amino acid feeding rate was 
split equally between the essential amino acids on a C6 basis. This approach ensured that 
all coculture systems were supplied with the same carbon flow despite differences in sugar 
type as well as the number and type of essential amino acids. 
Mass balance equations on dissolved gas components had the form, 
𝑑𝐶𝐿,𝑚
𝑑𝑡
= 𝑣1,𝑚𝑋1 + 𝑣2,𝑚𝑋2 +  𝑘𝐿𝑎(𝐶𝑚
∗ − 𝐶𝐿,𝑚) − 𝐷𝐶𝐿,𝑚          (26) 
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𝐶𝐿,𝑚(0) = 𝐶𝐿,𝑚,0 
where 𝐶𝐿,𝑚 is the dissolved concentration (mmol/L) of 𝑚-th gas component (CO and 
H2); 𝑣𝑖,𝑚 is the specific production (positive) or uptake (negative) rate (mmol/gDW/h) by 
the 𝑚-th species; 𝑘𝐿𝑎  is the volumetric gas-liquid mass transfer coefficient; 𝐶𝑚
∗  is the 
saturation concentration (mmol/L) of the 𝑚-th component calculated from the gas phase 
concentration using Henry’s law at the specified temperature and pressure; and 𝐶𝐿,𝑚,0 is 
initial liquid-phase concentration of the 𝑚-th component. Mass balance equations on gas-






(𝐶𝐺,𝑚,𝑓 −  𝐶𝐺,𝑚)  −  𝑘𝐿𝑎(𝐶𝑚
∗ − 𝐶𝐿,𝑚)          (27) 
𝐶𝑚(0) = 𝐶𝐺,𝑚,𝑓 
where 𝐶𝐺,𝑚 is the gas-phase concentration (mmol/L) of the 𝑚-th gas component; ?̇?𝑔 is 
the feed gas volumetric flow rate (L/h);  𝑉 is the liquid volume (L); and 𝐶𝐺,𝑚,𝑓 is the feed 
concentration (mmol/L) of the 𝑚-th gas component. 
A complete list of model parameters, their nominal values and literature references are 
contained in Table 4. Metabolite uptake parameters were based on values reported for 
Escherichia coli [103, 142] and assumed to remain constant due to lack of species-specific 
values for the modeled acetogens and gut bacteria. A literature review yielded approximate 
values for the CO and H2 uptake parameters [5, 104, 148] and for the inhibition constants 
COmax and Amax [94, 147]. No publicly data available data was found to estimate the CO 
uptake inhibition parameter Ki,co. The value Ki,co = 5 mmol/L was the same order-of-
magnitude as the proprietary value we used previously [1, 5, 35]. We performed sensitivity 
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analysis and found that the predicted CO uptake rate was largely independent of this 
parameter value due to the very low steady-state dissolved CO concentrations achieved in 
most simulations (e.g. ~0.1 mmol/L). Operating parameters were specified for a 1-L 
laboratory fermenter with a gas feed containing 70% CO and 30% N2.  As a result, butyrate 
production is reported as a volumetric productivity (g/L/h) to facilitate scaling to larger 
reactor volumes and to allow comparison across dilution rates which strongly affected 
growth [109]. 
Table 4.  Nominal parameters for coculture continuous stirred tank bioreactor models. 
Parameter Symbol Value Source 
Reactor volume V 1 L Specified 
Reactor pressure PL 1.013e5 Pa Specified 
Reactor temperature T 37 ℃ Specified 
Feed gas flow rate ?̇?𝑔 1 L/h Specified 
Volumetric gas-liquid mass 
transfer coefficient 
kLa 100 h
-1 [27, 29] 
CO mole fraction in feed gas yCO 70% [149] 
H2 mole fraction in feed gas yH2 0% [149] 
CO2 mole fraction in feed gas yCO2 30% [149] 
CO Henry’s law constant HCO 8e-4 
mol/L/atm 
[63] 
H2 Henry’s law constant HH2 6.6e-4 
mol/L/atm 
[63] 
CO2 Henry’s law constant HCO2 2.5e-2 
mol/L/atm 
[63] 
Initial biomass concentration Xi 0.1 g/L Specified 
Maximum CO uptake rate vCO,m 50 
mmol/gDW/h 
[104, 148] 
CO saturation constant Km,CO 0.1 mmol/L [104, 148] 













H2 uptake saturation constant Km,H2 0.1 mmol/L Approximate
d Feed and initial sugar concentration 
depending on C6 basis 
Csugar,f 2 mmol/L/h Specified 
Total feed and initial amino acid 
concentrations on C6 basis  
Caa,f 1 mmol/L/h Specified 





Sugar saturation constant Km,sugar 0.5 mmol/L [103] 
Maximum dissolved CO inhibition 
concentration 
[CO]max 0.7 mmol/L [94] 
Maximum acetate inhibition 
concentration 
[A]max 200 mmol/L [147] 




Amino acid uptake saturation 
constants 
Km,aa 0.1 mmol/L [142] 






Acetate and ethanol uptake 
saturation constants 
Km,i 0.5 mmol/L [103] 
     
Each coculture system model consisted of ordinary differential equations (ODEs) for 
extracellular culture dynamics combined with linear programs (LPs) for intracellular 
steady-state metabolism. Following our previous work [1, 5], the coculture models were 
solved within MATLAB using the dynamic flux balance code DFBAlab [66]. To eliminate 
nonunique solutions of the LP problem due to possible alternative optima, DFBAlab 
utilizes lexicographic optimization to ensure a unique set of exchange fluxes at each time 
point. We specified the lexicographic objectives with growth rate maximization as the 
primary objective and objectives for the other exchange fluxes specified as shown in Table 
S6. We found the ordering and directionality of these secondary objectives had a negligible 
effect on simulation results since alternative optima tended to exist only for brief time 
periods. DFBA was configured to use the MATLAB code ode15s for ODE integration and 
Gurobi used for LP solution.   
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C. Results and discussions 
1. Screening of candidate coculture system designs 
The gut bacterium screening procedure started with 818 genome-scale metabolic 
reconstructions downloaded from the Virtual Metabolic Human database [138] (Figure 14). 
The number of candidate bacteria was reduced to 129 strains which contained butyrate 
exchange reactions. A minimal media was computationally developed for each 
combination of candidate strain and sugar for which the model contained an exchange 
reaction. We eliminated 16 strains from further consideration because the growth rate < 
0.05 h-1 or the supplied sugar was less than 50% consumed (uptake rate > -5 mmol/gDW/h) 
for every exchanged sugar. The growth rate and minimal media requirements for each 
combination of the remaining 113 strains and the nine sugars tested are shown in Tables 
S9 and S10-S19, respectively. These strains represented common butyrate-producing 
genera including Clostridium, Eubacterium, Faecalibacterium and Roseburia as well as 
less studied genera such as Coprobacillus, Coprococcus, Fusobacterium and 
Subdoligranulum [131]. 
Each combination of the 113 strains and their growth-promoting sugars were screened 
for conversion of supplied byproduct (acetate and/or ethanol) into butyrate. We found 47 
strains for which FBA predicted an increase in the butyrate production rate of at least 2.5 
mmol/gDW/h from uptake of supplied byproduct(s) and at least 5 mmol/gDW/h from 
uptake of the supplied sugar (Table S20). A total of 92 combinations of 
strain/sugar/byproduct(s) were found, with 40 combinations involving just acetate, 11 
combinations involving just ethanol and 41 combination involving acetate and ethanol. The 
final step was to match these 92 combinations with the four acetogens based on the 
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requirement that the acetogen could produce the crossfed metabolite(s) but not consume 
the supplied sugar. We found 172 combinations of acetogen/gut bacterium/sugar with the 
potential for efficient CO-to-butyrate production via crossfeeding of acetate and/or ethanol 
(Figure 14; Table S21). 
2. Evaluation of coculture system designs with the acetogen C. autoethanogenum 
The screening procedure yielded 86 candidate coculture system designs involving the 
acetogen C. autoethanogenum (Table S21). Each coculture system was dynamically 
simulated to predict butyrate production in a continuous stirred tank bioreactor (CSTBR) 
with a 70/30 CO/CO2 feed gas mixture.  Because we were primarily interested in steady-
state performance, each coculture was simulated for 1,000 hours over a range of dilution 
rates (0.03-0.24 h-1) and the final butyrate productivity at each dilution rate was captured. 
Detailed analysis of dynamic simulation results for the most promising designs will be 
discussed in a later section. While all 86 designs had the potential to produce butyrate based 
on steady-state screening, 35 cocultures failed to generate butyrate at any of the simulated 
dilution rates. These designs were non-productive due to metabolic interactions such as 
nutrient competition and metabolite inhibition that were only captured in the dynamic 
models.  
The remaining 51 coculture designs were predicted to generate butyrate at one or more 
dilution rate (Figure 15; non-productive designs not shown). At the lowest dilution rate D 
= 0.03 h-1, most designs failed to produce butyrate due to inadequate growth of the two 
organisms. However, several designs were predicted to have relatively high productivities. 
72 
 
As the dilution rate was increased to D = 0.12 h-1, more designs became productive, but 
Figure 15. Steady-state butyrate productivities of 51 C. autoethanogenum-gut bacterium cocultures. 
Each coculture was simulated for continuous growth over a range of dilution rates with a 70/30 CO/CO2 
feed gas mixture and a secondary sugar specific to the gut bacterium used. The C. autoethanogenum-




the best designs had increasingly lower productivities. Further increases in the dilution rate 
decreased the number of productive designs and the productivities of the best designs, until 
most cocultures suffered washout of the acetogen and severe CO-induced inhibition of the 
gut bacterium at the highest dilution rate D = 0.24 h-1. For reference, the C. 
autoethanogenum-E. rectale coculture system investigated in our previous modeling study 
[1] is marked at each dilution rate. While this system was among the top butyrate-producing 
designs at lower dilution rates, other designs were predicted to be superior. These results 
demonstrated the potential value of mining the wide diversity of gut bacteria for coculture 
system development. A comparison of simulation results obtained with the AGORA E. 
rectale reconstruction used in this study and the manually curated E. rectale reconstruction 
used in our previous study [105] showed that the AGORA model generated higher butyrate 
productivities due to enhanced acetate uptake (Figure S20).  
For completeness, the butyrate production performance of all 86 system designs over a 
range of dilution rates is shown in Figure S21 (see Table S22 for definition of case 
numbers). The top five systems based on the highest butyrate productivity achieved at any 
dilution rate are compared in Table 5. For each system, the gut bacterium is listed along 
with all combinations of dilution rates and sugars which were predicted to yield butyrate 
productivities greater than 0.25 g/L/h. In general, the coculture systems were predicted to 
be most productive at lower dilution rates. While our previously studied C. 
autoethanogenum-E. rectale system was among the top five designs, this system was 
competitive only with glucose supplied as the sugar and at relatively low dilution rates. 
Similar predictions were obtained with sucrose replacing glucose for Coprococcus comes 
and with galactose replacing glucose for Eubacterium biforme, which has taxonomically 
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reclassified to be contained within the genus Holdemanella in the class Erysipelotrichia 
[150]. With respect to sugar versatility, coculture designs based on Clostridium hylemonae 
and Roseburia hominis were most promising as these two gut bacteria were able to generate 
competitive butyrate productivities with six and four different sugars, respectively. The C. 
autoethanogenum-Clostridium hylemonae coculture system generated the single highest 
productivity with fucose as the sugar and D = 0.03 h-1. However, both gut bacteria were 
predicted to offer similar productivities over a range of sugars and dilution rates, a 
promising measure of system robustness that would offer opportunities for subsequent 
experimental optimization. While the butyrate synthesis capabilities of R. hominis have 
been widely studied [151, 152], the metabolism of C. hylemonae has mainly been 
investigated with respect to bile acid transformations [153]. 
Table 5. Top five butyrate producing coculture systems containing C. 
autoenthanogenum. 






0.06 0.03 0.06 L_fucose L_fucose D_ribose 0.2769 0.2702 0.2656 
0.06 0.06 0.09 Galactose Maltose Maltose 0.2636 0.2601 0.2568 








0.09 0.09 0.09 Cellobiose D_glucose Mannose 0.2637 0.2632 0.2632 
0.06 0.06 0.06 Maltose Cellobiose D_glucose 0.2618 0.2601 0.2599 










0.09 0.06 Galactose Galactose 0.2606 0.257 
 
3. Evaluation of coculture system designs with the acetogen C. ljungdahlii 
The screening procedure yielded 40 candidate coculture system designs involving the 
acetogen C. ljungdahlii (Table S21). This number was considerably less than the 86 
candidate designs found for C. autoethanogenum because C. ljungdahlii was able to 
consume glucose, mannose and ribose, eliminating these sugars from consideration. Of the 
40 candidate C. ljungdahlii designs, dynamic simulations with a 70/30 CO/CO2 feed gas 
mixture predicted that 26 designs were able to generate butyrate for at least one dilution 
rate (Figure 16; non-productive designs not shown). Because C. ljungdahlii produced lower 
growth rates than C. autoethanogenum, a smaller range of dilution rates (0.02-0.16 h-1) 
were investigated for the C. ljungdahlii coculture systems. The general trends observed 
with C. autoethanogenum were preserved for the C. ljungdahlii designs, with intermediate 
dilution rates generating a larger number of productive designs and designs with the highest 
butyrate productivities. 
The best C. ljungdahlii designs (Table 6) were able to generate higher butyrate 
productivities than the best C. autoethanogenum designs despite lower coculture growth 
rates of C. ljungdahlii. As will be shown in a subsequent section, C. ljungdahlii proved 
advantageous because the absence of H2 in the feed mixture resulted in high acetate and 
negligible ethanol secretion, thereby providing the gut bacteria with more acetate for 
butyrate synthesis. These results demonstrated the importance of rigorous coculture 
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simulation for assessing the complex interactions between species. Interestingly, four gut 




Figure 16. Steady-state butyrate productivities of 26 C. ljungdahlii-gut bacterium cocultures. Each 
coculture was simulated for continuous growth over a range of dilution rates with a 70/30 CO/CO2 feed 




hominis) paired with C. ljungdahlii also were paired with C. autoethanogenum (Table 
5), suggesting that these bacteria provided unique capabilities for acetate-to-butyrate   
conversion. Among these four bacteria, C. hylemonae offered the widest sugar versatility, 
with high butyrate productions with four different sugars. By contrast, C. comes and E. 
biforme required particular sugars to achieve high productivities, severely limiting 
feedstock flexibility. R. hominis was capable of high butyrate productivities with both 
galactose and cellobiose, while Clostridium sp. L2-50 was able to grow on maltose or 
galactose and convert acetate into butyrate. C. hylemonae was predicted to achieve a 
butyrate productivity approaching 0.3 g/L/h, which is the highest value for any designs 
considered in our study. For completeness, the butyrate production performance of all 40 
C. ljungdahlii coculture designs over a range of dilution rates is shown in Figure S22 (see 
Table S22 for definition of case numbers). 
Table 6. Top five butyrate producing coculture systems containing Clostridium 
ljungdahlii. 






0.04 0.06 0.06 L_fucose Galactose Maltose 0.2958 0.2851 0.2846 
0.06 0.06 0.08 Sucrose L_fucose Maltose 0.2797 0.2735 0.2656 
0.08 0.08 0.08 Sucrose Galactose L_fucose 0.2632 0.2618 0.2546 
Clostridium sp. 
L2-50 
0.06 0.06 0.08 Maltose Galactose Maltose 0.294 0.2939 0.2726 








0.06 0.08  Galactose Galactose  0.2907 0.2702  






0.08   Maltose   0.2644   
 
4. Evaluation of coculture system designs with the acetogens E. limosum and B. 
producta 
Our preliminary screening procedure generated 31 and 15 coculture designs involving 
E. limosum and B. producta, respectively. Both these acetogens were predicted to have 
very low growth rates < 0.05 h-1 which impeded the ability of candidate coculture systems 
to produce butyrate under the conditions simulated. None of the B. producta cocultures 
were predicted to generate appreciable butyrate since very low dilution rates were needed 
to avoid washout. Therefore, these results have been omitted for brevity. Only slightly 
better results were obtained with the E. limosum coculture designs. A maximum butyrate 
production rate less than 0.04 mmol/L/h was predicted for a E. limosum-C. hylemonae 
system with xylose as the sugar (Figure S23; see Table S22 for definition of case numbers). 
Because this value was almost an order-of-magnitude less than the highest butyrate 
productivities predicted for C. autoethanogenum and C. ljungdahlii, neither B. producta 
nor E. limosum coculture designs were investigated further. The growth rates of E. limosum 
and B. producta on CO have been reported to be 0.08 h-1 and 0.23 h-1, respectively [121, 
137]. The wide disparity between measured and predicted growth rates may indicate the 
need for further refinement of the AGORA-based reconstructions we generated through 
insertion of Wood–Ljungdahl pathway. 
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5. Detailed analysis of C. hylemonae cocultures with C. ljungdahlii and C. 
autoethanogenum 
Due their high butyrate productivities with multiple sugars, the C. ljungdahlii-C. 
hylemonae and C. autoethanogenum-C. hylemonae coculture systems were analyzed in 
more detail. These two coculture systems were simulated with a 70/30 CO/CO2 feed 
mixture using the relatively cheap and widely available sugar galactose and the same 
dilution rate D = 0.06 h-1 to facilitate comparisons. We also simulated a C. hylemonae 
monoculture without gas feed to quantify the relative contributions of CO-to-acetate 
conversion versus supplied sugar on butyrate production.  
The C. ljungdahlii-C. hylemonae system was predicted to have slow dynamics with 
approximately 100 hours required to reach steady state due to the initial inhibitory effects 
of dissolved CO on C. hylemonae growth (Figure 17). As a result, C. ljungdahlii eventually 
Figure 17. Simulated dynamic responses of the C. ljungdahlii-C. hylemonae coculture with 70/30 
CO/CO2 feed gas and the C. hylemonae monoculture without feed gas. Both cultures were simulated 
with galactose as an additional carbon source using a dilution rate D = 0.06 h-1. (a) C. ljungdahlii 
biomass concentration; (b) C. hylemonae biomass concentration; (c) gas-phase CO concentration; (d) 
dissolved CO concentration; (e) gas-phase CO2 concentration; (f) acetate concentration; (g) ethanol 




established a slightly higher biomass concentration than C. hylemonae. Approximately 50% 
of the feed gas was consumed due to limited gas-liquid mass transfer, which could be 
improved through increased agitation or more advanced reactor designs [29]. C. ljungdahlii 
was predicted to secrete CO2 (Figure S24), which represented a substantial loss of carbon 
which possibly could be reduced through metabolic engineering or process optimization. 
C. ljungdahlii offered the advantage of synthesizing no ethanol, thereby allowing higher 
acetate production for subsequent conversion to butyrate. C. hylemonae consumed all the 
supplied galactose and a substantial portion of the endogenously produced acetate once its 
biomass concentration became sufficiently high. Compared to the C. hylemonae 
monoculture with galactose, the coculture has slower dynamics due to CO-inhibition but a 
59.8% increase in butyrate productivity. The availability of acetate from C. ljungdahlii has 
little effect on the C. hylemonae biomass formation, allowing almost all acetate to be 
converted to butyrate. To examine coculture performance for different feed conditions, we 
varied the feed gas flow rate (0.5, 1, 2 L/h; Figure S25) and feed gas composition (70/30/30, 
55/30/15, 40/30/30 CO/CO2/H2; Figure S26). The butyrate productivity was predicted to 
vary little over these conditions, especially for the feed composition changes, 
demonstrating robustness of the design and obviating the need for H2 in the gas feedstock.  
The C. autoethanogenum-C. hylemonae coculture exhibited slightly faster dynamics 
than the other coculture system due to the enhanced growth of C. autoethanogenum 
compared to C. ljungdahlii, which allowed more rapid decrease in the dissolved CO 
concentration and increase in C. hylemonae biomass (Figure 18). C. autoethanogenum 
transiently secreted ethanol, providing an additional carbon source for C. hylemonae 
growth during the first 15 hours of fermentation (Figure S27). The main difference between 
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the two designs was reduced acetate synthesis by C. autoethanogenum, which resulted in 
less acetate available for butyrate production by C. hylemonae. As a result, the steady-state 
concentrations of acetate and butyrate were lower than predicted for the C. ljungdahlii 
system. When compared to a C. hylemonae monoculture with galactose, the C. 
autoethanogenum-C. hylemonae coculture system was predicted to increase the butyrate 
concentration by 48% due to acetate-to-butyrate conversion. Unlike C. ljungdahlii, the C. 
autoethanogenum biomass concentration exhibited a strong increasing trend with the feed 
gas flow rate (0.5, 1, 2 L/h), resulting in higher acetate secretion and enhanced butyrate 
concentration but reduced CO conversion of the coculture system (Figure S28). Variations 
in the feed gas composition (70/30/30, 55/30/15, 40/30/30 CO/CO2/H2) had less impact on 
acetate-to-butyrate conversion (Figure S29).  
Figure 18. Simulated dynamic responses of the C. autoethanogenum-C. hylemonae coculture with 
70/30 CO/CO2 feed gas and the C. hylemonae monoculture without feed gas. Both cultures were 
simulated with galactose as an additional carbon source using a dilution rate D = 0.06 h-1. (a) C. 
autoethanogenum biomass concentration; (b) C. hylemonae biomass concentration; (c) gas-phase CO 
concentration; (d) dissolved CO concentration; (e) gas-phase CO2 concentration; (f) acetate 




Our previous modeling study [1] predicted butyrate productivities of ~0.11 g/L/h for 
cocultures of C. autoethanogenum with wild-type E. rectale and mutant C. kluyveri 
engineered to eliminate hexanoate synthesis. The screening procedure pursued in this study 
generated many coculture designs involving multiple gut bacteria with butyrate 
productivities exceeding 0.25 g/L/h. While some differences between these results may be 
attributable to the use of semi-curated rather than manually curated genome-scale 
reconstructions of the gut bacteria (e.g. see Figure S20), the metabolic diversity of the 
screened gut bacteria combined with optimization of sugar type and dilution rate allowed 
discovery of superior coculture designs. Our coculture models predicted ~100 C-mmol/L 
of byproducts (e.g. acetate and ethanol) produced for 1 gDW/L of acetogen biomass, while 
some experimental studies have shown higher byproduct concentrations of approximately 
300 C-mmol/L [97]. Our models produced similarly elevated byproduct concentrations 
when we used a much higher gas-liquid mass transfer coefficient kla = 300 h
-1 which we 
deemed unrealistic for a typical CSTBR. To facilitate further comparison of our model 
predictions with published data, we performed autotrophic simulations (i.e. supplied 
galactose was eliminated) of our C. ljungdahlii-C. hylemonae and C. autoethanogenum-C. 
hylemonae cocultures and predicted butyrate concentrations of 20.2 mmol/L and 15.1 
mmol/L, respectively (not shown). Our two models predicted no ethanol accumulation and 
acetate concentrations of 3.9 mmol/L and 1.2 mmol/L, respectively. One experimental 
study which used a syngas feed stream (60% CO, 35% H2, 5% CO2) reported butyrate, 
acetate and ethanol concentrations of 15 mmol/L, 145 mmol/L and 22 mmol/L, 
respectively [146]. While the butyrate concentrations were quite comparable, differences 
in the acetate and ethanol concentrations could be attributable to several factors including 
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different gas compositions and flow rates, different gas-liquid mass transfer properties and 
culture medium conditions, and complex metabolic effects such as CO-inhibitions of 
hydrogenase enzymes not captured by our models. These comparisons emphasize the 
importance of future experimental testing of the proposed coculture systems. 
6. Detailed analysis of R. hominis cocultures with C. ljungdahlii and C. 
autoethanogenum 
The gut bacterium R. hominis also was predicted to offer high butyrate productivities 
for multiple sugars when paired with C. ljungdahlii and C. autoethanogenum. Therefore, 
we examined these species combinations in more detail with a 70/30 CO/CO2 feed mixture, 
the common sugar cellobiose and a common dilution rate D = 0.06 h-1 to facilitate 
comparisons. As expected, the coculture involving C. autoethanogenum was predicted to 
have faster dynamics due its higher growth rate on CO (Figure 19). The two R. hominis 
Figure 19. Simulated dynamic responses of the C. autoethanogenum-R. hominis and C. ljungdahlii-R. 
hominis cocultures with a 70/30 CO/CO2 feed gas, cellobiose as an additional carbon source and a 
dilution rate D = 0.06 h-1. (a) Acetogen biomass concentration; (b) R. hominis biomass concentration; 
(c) gas-phase CO concentration; (d) dissolved CO concentration; (e) gas-phase CO2 concentration; (f) 





cocultures generated nearly indiscernible differences in steady-state biomass and dissolved 
CO concentrations. By contrast, C. ljungdahlii was predicted to have higher CO2 and 
acetate production (Figure S30), which resulted in elevated acetate-to-butyrate conversion 
by R. hominis and an 11% increase in the butyrate concentration compared to the C. 
autoethanogenum system. 
Overall, our simulation results suggested that butyrate production was more dependent 
on the acetogen used for CO-to-acetate conversion than the gut bacterium used for acetate-
to-butyrate conversion since the C. ljungdahlii systems outperformed the C. 
autoethanogenum systems with both C. hylemonae and R. hominis. However, this 
conclusion was invariably biased by the large number of gut bacteria computationally 
screened compared to the evaluation of only two competitive acetogens. Further 
enhancements in predicted butyrate production could be facilitated by the development of 
genome-scale metabolic reconstructions of a more diverse collection of acetogens. 
D. Conclusions 
We exploited the native abilities of acetogens to perform CO-to-acetate conversion and 
commensal gut bacteria to perform acetate-to-butyrate conversion for in silico 
development of coculture systems that upgrade CO-rich waste gas streams to the platform 
chemical butyrate. Each candidate coculture design consisted of one acetogen, one gut 
bacterium and a simple sugar which promoted gut bacterium growth but could not be 
consumed by the acetogen. Computational screening of 818 gut bacteria though flux 
balance analysis of their genome-scale metabolic reconstructions provided a diverse set of 
acetate-to-butyrate converters for coculture design. Ultimately, we found 170 
combinations of acetogen, gut bacterium and supplied sugar for dynamic simulation of 
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coculture growth in a continuous stirred tank reactor with a 70/30 CO/CO2 feed gas mixture 
and minimal media computationally determined for each combination. For the acetogens, 
these simulations predicted that Clostridium ljungdahlii and Clostridium autoethanogenum 
could generate sufficient acetate production for the gut bacterium while Eubacterium 
limosum and Blautia producta grew too slowly to be competitive, perhaps due to the 
approach used to insert CO metabolism into existing genome-scale reconstructions of these 
two gut acetogens. Three gut bacteria were represented in the top five butyrate producing 
cocultures for both competitive acetogens: Clostridium hylemonae, Coprococcus comes 
and Roseburia hominis. Due to their versatility with respect to supplied sugar, the four 
cocultures involving C. hylemonae and R. hominis were investigated in more detail. We 
found that the butyrate production was more dependent on CO-to-acetate conversion by 
the acetogen than acetate-to-butyrate conversion by the gut bacterium. While these four 
coculture systems offered the predicted performance, flexibility and robustness to justify 
experimental testing, our coculture design approach could be further enhanced by the 
availability of a larger set of acetogen metabolic reconstructions.   
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V. CONCLUSIONS and FUTURE WORK 
A. Conclusions 
I combined hydrodynamics with a genome-scale reconstruction of Clostridium 
autoethanogenum metabolism and multiphase convection-dispersion equations to compare 
the performance of bubble column reactors with and without liquid recycle. For both 
reactor configurations, hydrodynamics was predicted to diminish bubble column 
performance when compared with bubble column models in which the gas phase was 
modeled as ideal plug flow plus axial dispersion. My models also predicted that liquid 
recycle improved reactor performance compared to a conventional configuration without 
recycle by substantially increasing CO conversion, biomass production, and ethanol and 
2,3-butanediol production. Additional simulations were performed using the liquid recycle 
model with hydrodynamics to investigate the effect of column design and operating 
parameters on reactor performance. Increased gas feed flow rates, smaller CO gas bubbles 
and shorter column heights were shown to favor ethanol production over acetate production, 
but only reduced bubble size also improved CO conversion. My spatiotemporal metabolic 
models demonstrate the importance of hydrodynamics on bubble column performance and 
provide an in silico tool for predicting dissolved CO profile, specific uptake rates, 
metabolite fluxes, and ultimately optimizing the conversion efficiency of industrial gas 
fermentation systems. I believe my spatiotemporal metabolic modeling of bubble column 
reactor is a valuable tool for analyzing multiphase gas fermentation and scaling up from a 
pilot-scale reactor.  
Based on gas fermentation technology, I explored the alternatives of taking advantage 
of the native capabilities for producing butyrate of wild-type strains and developed two 
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anaerobic coculture designs by combining Clostridium autoethanogenum for CO-to-
acetate conversion with bacterial strains that offer high acetate-to-butyrate conversion 
capabilities: the environmental bacterium Clostridium kluyveri and the human gut 
bacterium Eubacterium rectale. I used metabolic modeling to computationally investigate 
the potential of bacterial coculture system designs for CO conversion to the platform 
chemical butyrate in the continuous stirred tank bioreactors. This work demonstrated that 
metabolic modeling is an important part for providing useful insights for coculture designs 
as well as measuring coculture performance. 
The coculture research was further developed by exploiting the diversity of 818 human 
gut bacteria for anaerobic synthesis of butyrate from acetate and ethanol instead of 
Clostridium kluyveri and Eubacterium rectale only. Starting with genome-scale metabolic 
reconstructions of four acetogens, 818 gut bacteria and 10 sugars, I developed a 
computational procedure based on flux balance analysis to efficiently screen the 32,720 
possible combinations for their butyrate synthesis capabilities. Dynamic flux balance 
analysis was applied to the 172 most promising cocultures systems to quantify their CO-
to-butyrate conversion performance in simulated continuous stirred tank bioreactors 
(CSTBRs). By doing so, I developed a general methodology for determining coculture 
designs and expanding the product range for gas fermenting as well as generated several 
coculture designs with promising performance and robustness. 
B. Future work 
One of the future works will be focused on refining the models, and therefore it is 
necessary to pursue future experimental studied aimed at testing the model predictions and 
providing data for model improvement, especially with respect to the inhibitory effect from 
89 
 
CO. To validate the methodology described in the last research, it will also be expected to 
perform coculture experiments based on the promising bacteria like Clostridium 
hylemonae and Roseburia hominis. 
Another possible improvement of the proposed coculture design approach is to increase 
the amount of potential acetogen models. The engineered Eubacterium limosum and 
Blautia producta grew too slowly to be competitive in this thesis, perhaps due to the 
approach used to insert CO metabolism into existing genome-scale reconstructions of these 
two gut acetogens. A more comprehensive engineering strategy is necessary to have fully-
curated models. Further, there are many other acetogens have been studied experimentally 
besides the 4 acetogens presented, the curated metabolic reconstruction models for those 
acetogens are still underdeveloped. Potentially, the proposed coculture methodology could 
be further enhanced by the availability of a larger set of acetogen metabolic reconstructions. 
It will be interesting to explore more novel and diverse cocultures, for example consisted 
of a first bacterium to degrade large molecule sugars like cellulose into glucose and a 
secondary bacterium to further convert glucose into valuable chemicals like butanediol, or 
even three-species systems, for example comprised of acetogen for CO conversion to 
acetate and ethanol, secondary bacterium for acetate-to-butyrate conversion and third 
bacterium for ethanol-to-butyrate conversion. 
Another important study area is to carry out economic analysis for different designs 
which includes calculation of overall mass balance and energy balance. It will also require 
detailed knowledge about market prices for various substrates, products, and energy cost. 
A successful economic analysis would be an useful index for measuring the performance 












A. Incorporating Hydrodynamics into Spatiotemporal Metabolic Models of Bubble 
Column Gas Fermentation 
To demonstrate the predictive capability of the bubble column model with hydrodynamics, 
we adapted the model for the bench-scale fermentation system considered in our previous 
study previous study [35]. More specifically, the following model parameters were 
changed to match the bench-scale bubble column: reactor height 1.06 m high, reactor cross-
sectional area 24.36 cm2, feed gas flow rate 600 mL/min, superficial liquid velocity 150 
m/h, dilution rate 1.5 day-1 and diffusion coefficient 4.5 m2/h. We tested the ability of the 
adapted model to predict steady state 2 in our previous experimental study [35], where the 
measured biomass and byproduct concentrations were assumed to be constant across the 
column due to the high liquid recycle rate and the measured superficial gas velocity, gas 
Figure S1. Comparison of model predictions obtained with an adapted version of the liquid recycle 
column model with hydrodynamics and experimental data of steady state 2 from our previous study (Chen 
et al., 2018). (a) Biomass concentration; (b) Acetate concentration; (c) Ethanol concentration; (d) 2,3-
butandiol concentration; (e) Superficial gas velocity; (f) Gas holdup; (g) CO gas-liquid volumetric mass 




holdup, volumetric CO mass transfer rate and CO specific uptake rate were assumed to be 
spatially homogeneous due to lack of the necessary spatial measurements. With the 
exception of the gas holdup, the model generated predictions in good agreement with our 
experimental data (Figures S1). The measured gas holdup of ~35% was difficult to predict 
with our hydrodynamic model and may require modification of the drift-flux model to more 
accurately capture.  
Using data from our previous study [35, 154], we developed an exponential correlation for 
the upper bound of the specific proton flux in the C. autoethanogenum metabolic 
reconstruction to improve prediction of the ethanol-acetate selectivity. This correlation 
with respect to the superficial gas volumetric flow rate and the liquid volume in the column 
was expected to expand applicability of the correlation compared to the linear correlation 
used in our previous study [35]. Figure S2 shows the fit to three experimental data points 
and values used in our various simulation cases. We attempted to remain near the range of 
collected data to minimize extrapolation. 
Figure S2. Exponential correlation for the upper bound of the specific proton flux used in the C. 












































Due to the high velocity of the liquid recycle stream compared to the low velocity of the 
liquid media stream, we assumed the liquid phase of the recycle columns to be well mixed 
rather than spatially varying. This assumption was tested by comparing predictions of two 
recycle column models with hydrodynamics that differed with respect to the homogeneity 
or non-homogeneity of the liquid phase. Figure S3 shows a comparison of steady-state 
predictions obtained from the two models for the parameter values in Table 1. Because 
only small differences were observed, we invoked the homogeneous liquid phase 
assumption throughout the paper.  
Simulation results in the main paper were reported in terms of steady-state predictions. For 
completeness, Figure S4 shows dynamic simulation profiles for the recycle column model 
with hydrodynamics corresponding to the steady-state results in Figures 2 and 3.  
Figure S3. Comparison of steady-state predictions obtained with liquid recycle column models with 
hydrodynamics for homogeneous and non-homogeneous liquid phases. 
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We used the recycle column model with hydrodynamics to investigate the effects of 
dilution rate, liquid velocity and feed gas composition on reactor performance. Figures S5-
S7 show steady-state predictions for these three operating parameters. 
To provide the interested reader access to a non-proprietary model, we developed a bubble 
column model with liquid recycle and hydrodynamics based on a published GEM of wild-
type Clostridium ljungdahlii metabolism [34]. The model simulated growth on syngas with 
approximate CO and H2 uptake kinetics. Otherwise, the non-proprietary model described 
here was identical to the proprietary model presented in the main paper. The model was 
formulated as shown in Equations 1-13 with the model parameters listed in Table S1. This 
model can be downloadable from the Henson group webpage 
(www.ecs.umass.edu/che/henson_group/downloads.html) and modified by other 
researchers to predict bubble column performance of CO fermenting strains with published 
Figure S4. Comparison of steady-state predictions obtained with liquid recycle column models with 
hydrodynamics for homogeneous and non-homogeneous liquid phases. 
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Figure S5. Steady-state predictions obtained with the liquid recycle column model with hydrodynamics 
for three values of the dilution rate. 
 
Figure S6. Steady-state predictions obtained with the liquid recycle column model with hydrodynamics 




Table S1.  Nominal parameters for the C. ljungdahlii bubble column model. 
Parameter Symbol Value 
Column height H 10 m 
Column cross-sectional area A 3 m2 
Pressure at the top of column PL 1.013e5 Pa 
Temperature T 37 ℃ 
Feed superficial gas velocity at 1 atmosphere uG,0 150 m/h 
 
Liquid phase velocity uL 50 m/h 
Feed gas bubble diameter at 1 atmosphere db,0 1.5 mm 
Gas-liquid mass transfer coefficient kL 1e-4 m/s 
Liquid phase dispersion coefficient DL 0.25 m
2/h 
CO mole fraction in feed gas yCO 50% 
N2 mole fraction in feed gas yN2 30% 
H2 mole fraction in feed gas yH2 20% 
CO Henry’s law constant HCO 8e-4 mol/L/atm 







Viscosity of liquid phase μL 0.9242 mPa*s 
 
Dilution rate D 0.06 h
-1 
Distribution parameter for drift-flux model C0 1.05
 
CO maximum uptake rate vmax,CO 35 mmol/g/h 
Figure S7. Steady-state predictions obtained with the liquid recycle column model with hydrodynamics 




CO uptake saturation parameter KM,CO 0.02 atm 
CO uptake inhibition parameter KI,CO 0.601 atm 
H2 maximum uptake rate vmax,H2 70 mmol/g/h 
H2 uptake saturation parameter KM,H2 0.02 atm 
   
 
Steady-state prediction generated with the C. ljungdahlii bubble column model is shown 
in Figure S8 and S9. The predictions are qualitatively similar to those obtained with the 
proprietary model (see Figures 2 and 3), except that the differences between models with 
hydrodynamics and without are less significant, and adding hydrodynamics also reduce the 
selectivity as well.  
 
Figure S8. Steady-state spatial profiles predicted with the C. ljungdahlii bubble column model for the 
liquid recycle configuration with and without hydrodynamics. (a) Biomass production rate; (b) dissolved 
CO concentration; (c) gas-phase CO concentration; (d) gas-phase H2 concentration; (e) acetate production 





B. Metabolic modeling of bacterial co-culture systems predicts enhanced carbon 
monoxide-to-butyrate conversion compared to monoculture systems 
Table S2. Heterologous reactions inserted into C. autoethanogenum genome-scale 
reconstruction. 
Enzyme Full name Reaction 
ACACT1r acetyl-CoA C-acetyltransferase 2 Acetyl-CoA – > Acetoacetyl-CoA + Coenzyme A 
HACD1 3-hydroxyacyl-CoA dehydrogenase Acetoacetyl-CoA + H + NADH – >  
  (S)-3-Hydroxybutanoyl-CoA + NAD 
ECOAH1 3-hydroxyacyl-CoA dehydratase (S)-3-Hydroxybutanoyl-CoA – > Crotonoyl-CoA+H2O 
ACOAD1z acyl-CoA dehydrogenase Crotonoyl-CoA + Ferredoxin(oxidized) + 2NADH – >  
  Butanoyl-CoA + Ferredoxin(reduced) + 2NAD 
form 4:2) + 2NAD 
PBUTT phosphate butyryltransferase Butanoyl-CoA + Phosphate – > Butanoyl phosphate +  
  Coenzyme A 
BUTKr butyrate kinase ADP + Butanoyl phosphate – > ATP + Butyrate 
 
BUTt butyrate transport Butyrate [e] < == > Butyrate [c] 
*ACKr acetate kinase Acety-phosphate + ADP – > Acetate + ATP 
Figure S9. Steady-state spatial profiles predicted with the C. ljungdahlii bubble column model for the 
liquid recycle configuration with and without hydrodynamics. (a) Superficial gas velocity; (b) gas bubble 
diameter; (c) gas holdup; (d) CO gas-liquid volumetric mass transfer coefficient; (e) C. ljungdahlii 




* means the reaction is deleted from the metabolic pathways instead of being inserted 
 
Table S3.  Ranked metabolic objectives used in DFBAlab for lexicographic optimization. 
 C. autoethanogenum C. kluyveri E. rectale C. ljungdahlii 
Maximize Growth rate Growth rate Growth rate Growth rate 
Maximize CO uptake Vinyl acetate uptake Glucose uptake CO uptake 
Maximize - Acetate uptake Acetate uptake Glucose uptake 
Maximize - Ethanol uptake - - 
Minimize CO2 secretion CO2 secretion 
 
CO2 secretion CO2 secretion 
Minimize Acetate secretion Crotonate secretion Butyrate secretion Acetate secretion 
Minimize Ethanol secretion Butyrate secretion Lactate secretion Ethanol secretion 
Minimize 2,3-butanediol secretion Pentanoate secretion H2 secretion H2 secretion 
Minimize Lactate secretion Hexanoate secretion - - 





Figure S10. Effect of the dilution rate on steady-state CSTBR performance of the C. autoethanogenum-
C. kluyveri coculture system. (a) C. autoethanogenum and C. kluyveri biomass concentrations; (b) 
amount of consumed CO and vinyl acetate; (c) acetate and hexanoate concentrations; (d) acetate 
secretion rate for C. autoethanogenum and uptake rate for C. kluyveri; (e) ethanol secretion rate for C. 
autoethanogenum and uptake rate for C. kluyveri; (f) butyrate concentration and volumetric 
productivity. 
Figure S11. Effect of the dilution rate on steady-state CSTBR performance of the C. ljungdahlii-E. 
rectale coculture system. (a) C. ljungdahlii and E. rectale biomass concentrations; (b) amount of 
consumed CO and lactose; (c) acetate and ethanol concentrations; (d) acetate secretion rate for C. 
ljungdahlii and uptake rate for E. rectale; (e) H2 uptake rate for C. ljungdahlii and secretion rate for E. 





Figure S12. Effect of the dilution rate on steady-state CSTBR performance of the coculture system 
consisting of engineered C. ljungdahlii and E. rectale. (a) C. ljungdahlii and E. rectale biomass 
concentrations; (b) amount of consumed CO and glucose; (c) acetate and ethanol concentrations; (d) 
acetate secretion rate for C. ljungdahlii and uptake rate for E. rectale; (e) H2 uptake rate for C. 
ljungdahlii and secretion rate for E. rectale; (f) butyrate concentration and volumetric productivity. 
Figure S13. Effect of gas feed composition (CO/H2/N2) on steady-state CSTBR performance of the 
coculture system consisting of engineered C. ljungdahlii and E. rectale. (a) C. ljungdahlii and E. rectale 
biomass concentrations; (b) amount of consumed CO and glucose; (c) acetate and ethanol 
concentrations; (d) acetate secretion rate for C. ljungdahlii and uptake rate for E. rectale; (e) H2 uptake 






Figure S14. Effect of the dilution rate on steady-state CSTBR performance of the C. ljungdahlii-C. 
kluyveri coculture system. (a) C. ljungdahlii and C. kluyveri biomass concentrations; (b) amount of 
consumed CO and vinyl acetate; (c) acetate and hexanoate concentrations; (d) acetate secretion rate for 
C. ljungdahlii and uptake rate for C. kluyveri; (e) ethanol secretion rate for C. ljungdahlii and uptake 
rate for C. kluyveri; (f) butyrate concentration and volumetric productivity. 
 
Figure S15. Effect of gas feed composition (CO/H2/N2) on steady-state CSTBR performance of the C. 
ljungdahlii-C. kluyveri coculture system. (a) C. ljungdahlii and C. kluyveri biomass concentrations; (b) 
amount of consumed CO and vinyl acetate; (c) acetate and hexanoate concentrations; (d) acetate 
secretion rate for C. ljungdahlii and uptake rate for C. kluyveri; (e) ethanol secretion rate for C. 




Figure S16. Effect of the dilution rate on steady-state CSTBR performance of the coculture system 
consisting of C. ljungdahlii and engineered C. kluyveri. (a) Biomass concentration of C. ljungdahlii and 
C. kluyveri. (b) Amount of CO in gas and vinyl acetate consumed; (c) Acetate and ethanol 
concentration; (d) Acetate secretion rate for C. ljungdahlii and uptake rate for engineered C. kluyveri; 
(e) Ethanol secretion rate for C. ljungdahlii and uptake rate for engineered C. kluyveri; (f) Butyrate 
concentration and volumetric production. 
Figure S17. Effect of gas feed composition (CO/H2/N2) on steady-state CSTBR performance of the 
coculture system consisting of C. ljungdahlii and engineered C. kluyveri. (a) Biomass concentration of 
C. ljungdahlii and C. kluyveri. (b) Amount of CO in gas and vinyl acetate consumed; (c) Acetate and 
ethanol concentration; (d) Acetate secretion rate for C. ljungdahlii and uptake rate for engineered C. 
kluyveri; (e) Ethanol secretion rate for C. ljungdahlii and uptake rate for engineered C. kluyveri; (f) 

















Figure S18. Effect of gas feed composition (CO/H2 with the remainder N2) on steady-state CSTBR 
performance of the monoculture and coculture systems. (a) Coculture designs involving only wild-type 













Figure S19. Schematic representation of the countercurrent bubble column reactor with liquid recycle 
where 𝑢𝐺,0  and 𝑑𝑏,0  are the superficial gas velocity and gas bubble diameter entering the column, 
respectively; 𝑢𝐿 is the superficial liquid velocity;  H is the reactor height; A is the reactor cross-sectional 
area; 𝑃𝐿 is atmospheric pressure; 𝑄𝑚𝑒𝑑𝑖𝑎 is the media volumetric feeding rate; and D is the dilution rate 
calculated from 𝑄𝑚𝑒𝑑𝑖𝑎  and the reactor volume V. 
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Table S4.  Nominal parameters for C. autoethanogenum-E. rectale coculture bubble 
column model (need lactose and H2 uptake parameters). 
Parameter Symbol Value Resource 
Column height H 5 m Specified 
Column cross-sectional area A 3 m2 Specified 
Pressure at top of column PL 1.013e5 Pa Specified 
Temperature T 37 ℃ Specified 
Feed superficial gas velocity at 1 atm uG,0 150 m/h 
 
Specified 
Superficial liquid velocity uL 50 m/h Specified 
Feed gas bubble diameter at 1 atm db,0 1.5 mm Specified 
Gas-liquid mass transfer coefficient kL 1e-4 m/s [41] 
Liquid phase dispersion coefficient DL 0.25 m
2/h [41] 
CO mole fraction in feed gas yCO 70% [43] 
N2 mole fraction in feed gas yN2 30% [43] 
CO Henry’s law constant HCO 8e-4 mol/L/atm [44] 
H2 Henry’s law constant HH2 6.6e-4 mol/L/atm [44] 
Viscosity of liquid phase μL 0.9242 mPa
.s [41] 
Distribution parameter for drift-flux 
model 
C0 1.05 [41] 
Initial biomass concentration Xi 0.01 mmol/L Specified 
Maximum CO uptake rate vCO,m -50 mmol/gDW/h [39-41] 
CO uptake saturation constant Km,CO 0.1 mmol/L [39-41] 
CO uptake inhibition constant KI,CO 5 mmol/L [39-41] 
Feed and initial glucose concentration Gi 200 mmol/L Specified 
Maximum glucose uptake rate vG,m -10 mmol/gDW/h [45] 
Glucose uptake saturation constant Km,G 0.5 mmol/L [45] 
Maximum dissolved CO inhibition 
concentration 
[CO]max 0.8 mmol/L [28] 
Acetate, butyrate and ethanol 
maximum uptake rates 
vi,m -5 mmol/gDW/h [45] 
Acetate, butyrate and ethanol uptake 
saturation constants 








C. Metabolic modeling predicts efficient acetogen-gut bacterium cocultures for CO-
to-butyrate conversion 
Table S5. Heterologous reactions inserted into B. producta and E. limosum genome-scale 
reconstructions to produce a functional Wood-Ljungdahl pathway. 
Enzyme Full name Reaction 
CODH Carbon monoxide dehydrogenase CO + Oxidized ferredoxin + H2O –>  
  Reduced ferredoxin + CO2 
ACS Acetyl-CoA synthase CoA + CO + Methyl corrinoid iron sulfur protein – >  
  Acetoacetyl-CoA + H + Corrinoid Iron sulfur protein 






Table S6.  Ordered metabolic objectives used in DFBAlab for lexicographic 
optimization. 
 Acetogens  Gut bacteria 
Maximize Growth rate Maximize Growth rate 
Maximize CO uptake Maximize Sugar uptake 
Minimize CO2 secretion Minimize CO2 secretion 
Minimize Acetate secretion Maximize Acetate uptake 
Minimize Ethanol secretion Maximize Ethanol uptake 
Maximize H2 uptake Minimize Butyrate secretion 
Maximize Alanine uptake Minimize H2 secretion 
Maximize Arginine uptake Maximize Alanine uptake 
Maximize Asparagine uptake Maximize Arginine uptake 
Maximize Aspartic acid uptake Maximize Asparagine uptake 
Maximize Cysteine uptake Maximize Aspartic acid uptake 
Maximize Glutamine uptake Maximize Cysteine uptake 
Maximize Glutamic acid uptake Maximize Glutamine uptake 
Maximize Glycine uptake Maximize Glutamic acid uptake 
Maximize Histidine uptake Maximize Glycine uptake 
Maximize Isoleucine uptake Maximize Histidine uptake 
Maximize Leucine uptake Maximize Isoleucine uptake 
Maximize Lysine uptake Maximize Leucine uptake 
Maximize Methionine uptake Maximize Lysine uptake 
Maximize Phenylalanine uptake Maximize Methionine uptake 
Maximize Proline uptake Maximize Phenylalanine uptake 
Maximize Serine uptake Maximize Proline uptake 
Maximize Threonine uptake Maximize Serine uptake 
Maximize Tryptophan uptake Maximize Threonine uptake 
Maximize Tyrosine uptake Maximize Tryptophan uptake 
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Maximize Valine uptake Maximize Tyrosine uptake 
- - Maximize Valine uptake 
 
 
Figure S20. Simulated dynamic responses of C. autoethanogenum-E. rectale cocultures using the semi-
curated AGORA and curated iEre400 genome-scale metabolic reconstructions of E. rectale. 
Simulations were performed with a 70/30 CO/N2 feed gas mixture, glucose as an additional carbon 
source and a dilution rate D = 0.06 h-1. (a) C. autoethanogenum biomass concentration; (b) E. rectale 
biomass concentration; (c) gas-phase CO concentration; (d) dissolved CO concentration; (e) gas-phase 






Figure S21. Heatmap showing the butyrate productivities of all 51 C. autoethanogenum-gut bacterium 
cocultures which produced a non-zero productivity for a least one dilution rate. The gut bacterium and 
additional carbon sources used for each case are listed in Table S18. 
 
Figure S22. Heatmap showing the butyrate productivities of all 26 C. ljungdahlii-gut bacterium 
cocultures which produced a non-zero productivity for a least one dilution rate. The gut bacterium and 





Figure S23. Heatmap showing the butyrate productivities of all 13 E. limosum-gut bacterium 
cocultures which produced a non-zero productivity for at least one dilution rate. The gut 
bacterium and additional carbon sources used for each case are listed in Table S18. 
Figure S24. Simulated dynamics of exchange fluxes for the C. ljungdahlii-C. hylemonae coculture with 
a 70/30 CO/N2 feed gas and the C. hylemonae monoculture without feed gas. Both cultures were 
simulated with galactose as additional carbon source using a dilution rate D = 0.06 h-1. (a) C. ljungdahlii 
growth rate; (b) C. hylemonae growth rate; (c) C. ljungdahlii CO uptake rate; (d) C. ljungdahlii CO2 
secretion rate; (e) C. ljungdahlii acetate secretion rate; (f) C. ljungdahlii ethanol secretion rate; (g) C. 
ljungdahlii H2 uptake rate; (h) C. hylemonae galactose uptake rate; (i) C. hylemonae acetate uptake rate; 





Figure S25. Simulated dynamic responses of the C. ljungdahlii-C. hylemonae coculture at different 
feed gas flow rates. Cultures were simulated with a 70/30 CO/N2 feed gas, galactose as an additional 
carbon source and dilution rate D = 0.06 h-1. (a) C. ljungdahlii biomass concentration; (b) C. hylemonae 
biomass concentration; (c) gas-phase CO concentration; (d) dissolved CO concentration; (e) gas-phase 
CO2 concentration; (f) acetate concentration; (g) ethanol concentration; (h) galactose concentration; (i) 
butyrate concentration. 
Figure S26. Simulated dynamic responses of the C. ljungdahlii-C. hylemonae coculture at different 
CO/H2/N2 feed gas compositions. Cultures were simulated with a 1 L/h feed gas flow rate, galactose as 
an additional carbon source and dilution rate D = 0.06 h-1. (a) C. ljungdahlii biomass concentration; (b) 
C. hylemonae biomass concentration; (c) gas-phase CO concentration; (d) dissolved CO concentration; 
(e) gas-phase H2 concentration; (f) acetate concentration; (g) ethanol concentration; (h) galactose 




Figure S27. Simulated dynamics of exchange fluxes for the C. autoethanogenum-C. hylemonae 
coculture with a 70/30 CO/N2 feed gas and the C. hylemonae monoculture without feed gas. Both 
cultures were simulated with galactose as additional carbon source using a dilution rate D = 0.06 h-1. 
(a) C. autoethanogenum growth rate; (b) C. hylemonae growth rate; (c) C. autoethanogenum CO uptake 
rate; (d) C. autoethanogenum CO2 secretion rate; (e) C. autoethanogenum acetate secretion rate; (f) C. 
autoethanogenum ethanol secretion rate; (g) C. autoethanogenum H2 uptake rate; (h) C. hylemonae 
galactose uptake rate; (i) C. hylemonae acetate uptake rate; (j) C. hylemonae ethanol uptake rate; (k) C. 
hylemonae butyrate secretion rate; (l) C. hylemonae H2 secretion rate. 
Figure S28. Simulated dynamic responses of the C. autoethanogenum-C. hylemonae coculture at 
different feed gas flow rates. Cultures were simulated with a 70/30 CO/N2 feed gas, galactose as an 
additional carbon source and dilution rate D = 0.06 h-1. (a) C. autoethanogenum biomass concentration; 
(b) C. hylemonae biomass concentration; (c) gas-phase CO concentration; (d) dissolved CO 
concentration; (e) gas-phase CO2 concentration; (f) acetate concentration; (g) ethanol concentration; (h) 




Figure S29. Simulated dynamic responses of the C. autoethanogenum-C. hylemonae coculture at 
different CO/H2/N2 feed gas compositions. Cultures were simulated with a 1 L/h feed gas flow rate, 
galactose as an additional carbon source and dilution rate D = 0.06 h-1. (a) C. autoethanogenum biomass 
concentration; (b) C. hylemonae biomass concentration; (c) gas-phase CO concentration; (d) dissolved 
CO concentration; (e) gas-phase H2 concentration; (f) acetate concentration; (g) ethanol concentration; 
(h) galactose concentration; (i) butyrate concentration. 
Figure S30. Simulated dynamics of exchange fluxes for the C. autoethanogenum-R. hominis and C. 
ljungdahlii-R. hominis cocultures with a 70/30 CO/N2 feed gas, cellobiose as an additional carbon 
source and a a dilution rate D = 0.06 h-1. (a) Acetogen growth rate; (b) Acetogen CO uptake rate; (c) 
Acetogen CO2 secretion rate; (d) Acetogen acetate secretion rate; (e) Acetogen ethanol secretion rate; 
(f) Acetogen H2 uptake rate; (g) R. hominis growth rate; (h) R. hominis cellobiose uptake rate; (i) R. 
hominis butyrate secretion rate; (j) R. hominis acetate uptake rate; (k) R. hominis ethanol uptake rate; 
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